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Abstract: Continuous-flow microchannels are widely employed for synthesizing various materials, including nanoparticles, polymers, and metal-organic frameworks (MOFs), to name a few. Microsystem technology allows precise control over reaction parameters, resulting in purer, more uniform, and structurally stable products due to more effective mass transfer manipulation. However, continuous-flow synthesis processes may be accompanied by the emergence of spatial convective structures initiating convective flows. On the one hand, convection can accelerate reactions by intensifying mass transfer. On the other hand, it may lead to non-uniformity in the final product or defects, especially in MOF microcrystal synthesis. The ability to distinguish regions of convective and diffusive mass transfer may be the key to performing higher-quality reactions and obtaining purer products. In this study, we investigate, for the first time, the possibility of using the information complexity measure as a criterion for assessing the intensity of mass transfer in microchannels, considering both spatial and temporal non-uniformities of liquid’s distributions resulting from convection formation. We calculate the complexity using shearlet transform based on a local approach. In contrast to existing methods for calculating complexity, the shearlet transform based approach provides a more detailed representation of local heterogeneities. Our analysis involves experimental images illustrating the mixing process of two non-reactive liquids in a Y-type continuous-flow microchannel under conditions of double-diffusive convection formation. The obtained complexity fields characterize the mixing process and structure formation, revealing variations in mass transfer intensity along the microchannel. We compare the results with cases of liquid mixing via a pure diffusive mechanism. Upon analysis, it was revealed that the complexity measure exhibits sensitivity to variations in the type of mass transfer, establishing its feasibility as an indirect criterion for assessing mass transfer intensity. The method presented can extend beyond flow analysis, finding application in the controlling of microstructures of various materials (porosity, for instance) or surface defects in metals, optical systems and other materials that hold significant relevance in materials science and engineering.
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1  Introduction

Microfluidic continuous-flow technologies are actively employed for synthesizing new substances and materials in modern research and technology. The small channel dimensions allow precise control of reaction parameters and mass transfer, thereby enhancing the efficiency of the synthesis process. Continuous-flow technology allows for precise control of size, shape, and porosity in synthesized substances, making it crucial for fields such as catalysis, medicine, and materials science. In these processes, convection plays a critical role, significantly impacting mass transfer and reactant mixing along the channel. Forced convection is generated either randomly, for instance, through pump operation, or intentionally to intensify the mixing process, as it happens in channels with complex external and internal geometries [1]. Natural convection may arise due to local changes in concentration and temperature, giving rise to buoyancy-driven convection [2] or changes in surface tension, initiating Marangoni convection [3].

On the one hand, convection positively affects the synthesis process by enhancing reactant mixing and reaction progression. On the other hand, local convection may lead to uneven substance distribution, affecting the internal structure of the reaction product. In the case of synthesizing crystalline materials (e.g., metal-organic structures [4]), it can result in external defects, diminishing their quality and functional characteristics. Thus, the investigation of convective flows in microfluidic systems is a pivotal factor in ensuring the high efficiency of flow synthesis.

The most common methods for visualizing and investigating flows and pattern formation in microchannels utilize dilution-based methods [5]. These methods include introducing a dye into one of the streams, enabling the assessment of mutual liquid mixing. The dilution-based method is known for its simplicity, affordability, and widespread accessibility, making it an economical and straightforward approach that requires minimal resources, and thus widely adopted by researchers. Various criteria are utilized to analyze the spatial distribution of the dye, including the mixing degree (terms such as mixing intensity or mixing efficiency are also mentioned in the literature and denote the same criterion) [6], criteria based on Lagrangian analysis [7] and Shannon entropy index [8,9]. The dependence of any aforementioned criteria on the channel length reflects dye distribution uniformity, enabling conclusions about the quality of flow mixing. However, to optimize the mixing process, it is also essential to control the development of convective structures and the variation in mass transfer intensity in local channel regions and across the entire system.

Conventional methods for detecting local flow heterogeneities and pattern formation in microchannels typically involve the analysis of fluid velocity distributions using techniques like micro-PIV [10,11] or the assessment of fluid concentration fields through confocal microscopy [12,13]. In this study, we investigate the potential of an alternative criterion that applicable to images, obtained by dilution-based methods. We propose employing a statistical measure of information complexity [14–16]. This measure is calculated based on the Shannon entropy value, functioning as a quantitative indicator of the system’s organization and order. The criterion demonstrates high sensitivity, enabling the detection of even subtle color changes in photographs obtained through standard imaging techniques while employing dilution-based methods for visualization. Using the complexity measure can effectively unveil local color inhomogeneities caused by changes in mass transfer intensity, eliminating the need for expensive and complex methods such as micro-PIV and confocal microscopy. This approach not only advances our understanding of the fundamental processes but also enhances the accessibility of the proposed methodology to a broader research audience.

This study explores the potential use of information complexity as a criterion for assessing mass transfer intensity in microchannels, taking into account spatial and temporal inhomogeneities resulting from structure formation and flow. We calculate complexity and entropy measures for experimental images that demonstrate the mixing of two liquids in a horizontal microchannel under conditions of double-diffusive convection [17]. To compute the Shannon entropy required for complexity calculation, we employ shearlet transform [18]. Applying this transform to the experimental image allows us to generate a two-dimensional entropy field, preserving information about local inhomogeneities and structures. This sets our approach apart from previous studies [19,20], where the mathematical algorithm only permits obtaining an averaged entropy value of Shannon entropy. We investigate entropy and complexity fields for four different mixing scenarios, analyzing two different cases of diffusive mixing: (i) in the absence of fluid flow in the channel (volume flow rate is 
Q=0
mL/min) and (ii) under continuous-flow conditions (with 
Q≠0
mL/min). We compared our findings to the case of convective mixing induced by double-diffusive convection, which we also examined in scenarios (iii) with no pumping and (iv) continuous-flow regime. The results confirmed that two-dimensional information complexity fields enable the detection of local inhomogeneities in the liquid system under continuous-flow and stagnant conditions. Furthermore, the identified sensitivity of the complexity measure to flow intensity enables its utilization as an indirect quantitative criterion for determining the type of mass transfer.

2  Experiment

2.1 Experimental Setup and Methods

The experiments were conducted in a horizontal Y-shaped microchannel with a rectangular cross-section. The channel dimensions were as follows: length 
L=3.5
cm, height 
H=0.2
cm, and depth 
D=0.02
cm. The microchannel was fabricated using the 3D printer Asiga Max X43. The manufacturer has specified a vertical printing accuracy of 1 µm. Subsequently, we measured the microchannel depth using an electron microscope operating at a magnification of 375x, revealing a channel depth of 200 ± 1 µm. The printed microchannel surface exhibits minimal roughness, appearing as a mesh pattern. Depth measurements of the grooves within this pattern along the channel ranged from 2 to 12 µm. The microchannel schematic is depicted in Fig. 1.
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Figure 1: Sketch of the Y-shaped microchannel used

Both arms of the Y-type micro-mixer are connected to an infusion pump (SpLab02) to deliver the working liquids at a consistent flow rate q. The instrumental uncertainty in flow rate, as specified in the manufacturer’s documentation, is ≤± 0.5%. The flow rate within the channel, determined by our geometry, is 
Q=2q
. The front wall of the microchannel was made of transparent glass, allowing the visualization of the flow structure using a blue food dye. From the back, the channel was illuminated by a diffuse light source (Metaphase Technologies, USA). During image capture, a Nikon D5200 color CMOS camera was used. The dye was solely added to the denser (lower) solution during preparation, with a negligible concentration that did not affect the solution’s properties. After activating the pump, a transparent and less dense liquid entered through the upper arm, while a dyed and denser liquid entered through the lower arm of the microchannel. As the liquids flowed along the channel, they mixed. The resulting mixture was then freely discharged at the end of the channel. In the case of developing double-diffusive convection, the pumping flows inside the channel mixed due to a convective mechanism. In the absence of hydrodynamic instability, the layers were mixed through a diffusive mechanism. We used water and aqueous solutions of sodium hydroxide (NaOH) and sodium sulfate (Na2SO4) as working liquids. We investigated two pairs: water (upper layer)-NaOH (lower layer) and Na2SO4 (upper layer)-NaOH (lower layer). The density difference between both pairs was 
Δρ = 0.02
g/cm3.

We used the pump to create a two-layer fluid-fluid system with a thin horizontal diffusive zone between the layers. The working liquids were introduced along the channel at a flow rate of 
Q=0.08
ml/min until the diffusion zone between layers became thin and uniform in size across the entire channel length. This procedure enables the creation of a vertical density distribution that corresponds to a step-like profile. To conduct experiments under stationary conditions (
Q=0
), we then halted the liquid delivery by deactivating the pump. We took this moment as the beginning of the experiment 
t0
. Due to the relatively low flow rate used to create the two-layer system, the pump shutdown did not induce inertial fluid motion. The formed two-layer system starts to develop without distortions associated with prior system priming (this is evident in the convective fingers that emerge strictly upwards without deviations, as observed in Fig. 2b). In a series of experiments (
Q=0
), we captured a sequence of consecutive images illustrating the temporal evolution of the mixing process.
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Figure 2: Series of images that demonstrate the temporal evolution of the two-layer miscible system in (a) diffusive mixing scenario between water (upper layer) and water solution of NaOH (lower layer) and (b) convective mixing scenario between water solutions of Na2SO4 (upper layer) and NaOH (lower layer) in the case 
Q=0
. The height of each image is 2 mm. The right side of each series schematically depicts the evolution of the length-averaged vertical density profile

For the investigation of the non-stationary case (
Q≠0
), liquid pumping continued at a constant flow rate of 
Q=0.01
mL/min until the experiment’s completion. Image capture took place after the flow had reached a steady state. The time required for the system to reach a steady state t, depends on the flow rate and the type of mass transfer. In our geometry, at a flow rate of 
Q=0.01
mL/min, the system reached a steady state after 
t=40
min.

2.2 Experiments in the Q = 0 Case

In the first two series of experiments (i and iii), we investigated the process of liquid mixing under zero flow conditions. Fig. 2 presents two sets of images illustrating the evolution of a two-layer system of mixing liquids under pure diffusive mixing conditions (Fig. 2a) and in the presence of double-diffusive convection (Fig. 2b). In the absence of flow, the structure of both two-layer systems is nearly uniform along the channel length. Consequently, we cropped the images to showcase only the central part of the channel, ensuring better visibility of the structure of the fluid. The right side of each figure schematically depicts the time evolution of the length-averaged vertical profile of the general density. The solution for the time-dependent base-state density profile was obtained through a linear stability analysis based on a quasi-steady-state approximation in [21]. We emphasize, that we did not derive these density profiles from experimental measurements but rather depict them schematically, according to the authors’ results [21].

In the case of diffusive mixing (Fig. 2a), at the 
t0
, the liquids are separated by a thin diffusive zone. Over time, the vertical size of this zone increases due to the mutual diffusion of the solutions. It is evident that the distribution of liquids along the entire channel length is homogeneous, i.e., the degree of liquid mixing is consistent in each cross-section along the channel. In the case of convective mixing, at the 
t0
, the solutions are also separated by a thin diffusive zone. This zone then expands in the transverse direction due to diffusion, after which it becomes unstable due to double-diffusive instability. The emerging finger-like convective structures change over time but remain nearly the same along the channel.

Let us briefly describe the mechanism of convection formation. The phenomenon of double diffusion occurs in multi-component stably stratified miscible systems, where the density of the liquid medium is controlled by two (or more) components, at least one of which is distributed unstably and has a molecular diffusion rate different from the other components [21,22]. In the Na2SO4-NaOH system, both components contribute to the stratification of the system with the same sign, meaning an increase in the concentration of any substance leads to an increase in the solution’s density. Therefore, in this configuration, the vertical distribution of the component dissolved in the upper layer (Na2SO4) is unstable [23]. Since the molecular diffusion rate of the stably distributed component (NaOH) is greater than that of the unstably distributed one, double-diffusive convection (or “salt fingering”) develops in the system [24]. For more information on types and mechanisms of double-diffusive instability formation, refer to the monograph [23].

As a result of the development of instability, finger-like structures form in the mixing zone. Convective fingers spread symmetrically up and down, passing through each other, facilitating the rapid mixing of the diffusive zone between the initial liquids. A qualitative analysis of the images shows that after 100 s, the distribution of the dye inside the channel is almost uniform, indicating homogeneity in its concentration. However, it is worth noting that there are still areas in the channel where the dye distribution is uneven. Comparing image series obtained for convective and diffusive mixing mechanisms without flow confirms that convection significantly accelerates the homogenization process of the system but may create regions with non-uniform concentrations.

2.3 Experiments in the Q ≠ 0 Case

Fig. 3 provides visual representations of the flow structure within the channel under continuous-flow conditions. Diffusive and convective mixing scenarios are displayed in Figs. 3a and 3b, respectively. Additionally, schematic profiles in Fig. 3 demonstrate variations in the vertical density distribution along the channel.
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Figure 3: Visualization of the flow structure during diffusive (upper image) and convective (lower image) mixing mechanisms. The plots in the figure illustrate the local density profile

Each image captured under continuous-flow conditions simultaneously showcases all the successive stages of the dynamics of the two-layer miscible system depicted in the image series obtained under zero-flow conditions (Fig. 2). In essence, this flow visualization acts as a comprehensive space-time map, characterizing the evolution of the mixing process. In a diffusive mixing, the liquids near the Y-junction are also initially separated by a thin diffusive zone. As the liquids progress downstream, the diffusive zone gradually expands in the transverse direction. The density profile undergoes a blurring effect along the z-axis, maintaining its nearly step-like nature and a monotonic character. It is worth noting that the channel length is insufficient for complete liquid mixing. In the case of convective mixing, the flow structure drastically changes. The diffusive zone widens rapidly at the Y-junction, indicating a change in the mass transfer mechanism due to the onset of double-diffusive instability. The instability initiates the formation of distinct finger-like structures, persisting prominently from the channel entrance up to its midpoint. Subsequently, these convective fingers gradually dissipate, signifying a diminishing convective intensity. Ultimately, the convective structure vanishes entirely, leaving the distribution of color dye almost uniform in height, indicating the high uniformity of the pumped mixture.

The mechanism of convection decay becomes clearer when analyzing the evolution of the density profile of the system. The unstable density gradients, arising from the development of double-diffusive instability, gradually diminish over time due to the mixing in the diffusive zone between the flows. The intensive mixing takes place due to the unique structure of double-diffusive convection. Convective fingers propagate symmetrically upward and downward, crossing each other, ultimately pushing the mixing process. This process equalizes the concentrations of substances dissolved in the layers, contributing to the reduction of unstable density gradients and the intensity of convection. For a more in-depth understanding of the dynamics of double-diffusive instability in continuous-flow microchannels, refer to [25].

Unlike diffusive mixing, where the mass transfer type remains consistent throughout the entire channel length, the convective mixing scenario exhibits a dynamic evolution of the mass transfer mechanism. Near the Y-junction, convection dominates as the primary mass transfer mechanism. However, as we move toward the end of the channel, a transition occurs, and the prevailing mechanism gradually shifts to diffusion. Determining the dominant mass transfer type in areas with pronounced convective structures is relatively straightforward. However, in regions where the structure is less distinct (e.g., near the Y-junction or in the central part of the channel in Fig. 3b), establishing the prevailing mass transfer type only through visual analysis is challenging. Furthermore, the occurrence of convective mass transfer does not always lead to the formation of structures, and not all visualization methods may detect it even when they are present. For example, finger structures were not observable during the visualization of the development of double-diffusive convection employing Rhodamine B fluoron dye [26]. To distinguish between convective and diffusive mixing scenarios in the channel, it is essential to establish a criterion that aids experimenters in determining the spatial characteristics of mass transfer within the studied system. As such a criterion, we propose using the entropy measure of information complexity [14,16,20,27], which is calculated from experimentally obtained images. If local structural formation occurs during continuous-flow synthesis, the analysis of complexity value can reveal spatial changes and the associated mass transfer type.

3  Entropy and Complexity Measures

The term “information Shannon entropy” is a fundamental concept in information theory and was introduced by Claude Shannon in 1949 [28]. This criterion measures the degree of uncertainty in an information system. The general expression of the Shannon entropy is determined by the probabilities p from:


S=−∑i=1Nplog2p,
(1)

where N represents the total number of outcomes i, and p is the probability of outcome i occurring.

To simplify the analysis, researcher often use the normalized Shannon entropy value 
H[p]
, which is calculated from the following relation:


H[p]=S[p]Smax,
(2)

where S[p] denotes Shannon entropy applied to a specific probability distribution p.

The normalization factor Smax assumes equiprobable distributions for all states and is determined as:


Smax=S[pe]=log2N.
(3)

Thus, the entropy of the analyzed distribution p is calculated by the sum with opposite signs of all relative frequencies of the occurrences of states with index i, multiplied by their binary logarithms [10].

Entropy serves as a measure of the inherent disorder within the original signal and exhibits two extreme values. When 
H[p] = 1
, it indicates a scenario, where the probabilities pi of all states are equal, representing a state of complete randomness, resembling white noise. On the other hand, 
H[p] = 0
signifies a situation, where the probability of one state is 1, and all other probabilities are 0. This scenario corresponds to a perfectly periodic structure, similar to a “crystal”, where information is distributed systematically and predictably. The intermediate values between 
H[p] = 1
and 
H[p] = 0
indicate transitional states where noise gradually increases, and the “crystal” becomes blurry.

The calculation of the entropy value (see Eqs. (1)–(3)) requires constructing the probability distribution of its states. Each pixel in the digital image represents a distinct state characterized by its color value. The probability distribution for color values is then constructed, enabling the assessment of uncertainty in the image structure. For a binary black-and-white image, the number of possible states 
N=2
(black and white pixels). The classic method for determining the probability of each state involves counting the frequency of occurrence of black and white colors. This approach, for instance, has been employed in [19]. The authors analyze black-and-white images illustrating the mixing process of two pumped flows in microchannels. Using the calculated probability distribution of system states, they compute the Shannon entropy index, allowing for the assessment of the change in the degree of flows mixing along the microchannel. The algorithm for analyzing color images is described in [29]. The authors propose to separate the original color image into R, G, B channels, creating three new images that are further transformed into binary ones. Consequently, the number of possible states in the system is also 
N=2
. Calculating the probability in this manner is applicable for immiscible flows, where the number of possible states remains constant in space and time. However, when liquids are miscible, such as aqueous solutions of blue and red colors, the mixture will have a color different from the colors of the original flows. Therefore, an alternative approach is required for analyzing the probabilities of a miscible system.

In the scientific literature, there are two prevalent entropy concepts: permutation entropy, typically computed using the Bandt-Pompe algorithm [15,20], and spectral entropy [16,27]. While permutation entropy is commonly employed for analyzing one-dimensional data sequences, it also finds applications in digital image analysis [20]. However, the characteristics of the Bandt-Pompe algorithm provide only an average probability distribution, making it unsuitable, since we need to detect local inhomogeneities. Spectral entropy delves into the frequency domain of a signal, evaluating its structural composition and energy distribution across frequencies. This evaluation can be accomplished using the Fourier transform, the wavelet transform, or the shearlet transform. The latter, a subtype of the wavelet transform, distinguishes itself by its ability to adapt to local directions and structures in data, proving particularly effective for analyzing anisotropic signals. Both entropy concepts present advantages over the classical method of constructing probability distributions by tallying the frequency of states in a system. Given that each pixel in an image signifies a distinct state of the system, represented by its color value, it necessitates the computation of a probability distribution for each pixel. Hence, an approach based on the shearlet transform becomes preferable. The concept of local spectral entropy was initially formulated mathematically in [30], and only recently has found application in the dynamic processes analysis [16]. The author analyzed the spatial structure of developing astrocytes by the shearlet transform and obtained a map within the “entropy-complexity” parameter space that classifies various stages of astrocyte growth. Also, a classification of structures of invasive carcinoma was derived using the same parameters plane [27].

The author’s approach [16] assumes the transformation of the entropy measure into a spatially distributed field. The analysis of this field enables the identification of which parts of the investigated structure act as sources of order and which generate noise. The liquid mixing scenarios investigated in this study involve spatial-temporal changes (flow structure, shape and characteristic size). These changes in diffusive and convective mixing scenarios develop gradually, starting from the interface between the two liquids. Consequently, the global formulation of entropy gives rise to challenges in differentiating and interpreting the obtained disorder measures. The local formulation of spectral entropy proposed in [16] effectively addresses this issue.

Using the fast finite shearlet transform [18], and following the approach proposed in [16], we investigate two-dimensional structures represented by the image 
f(x,z)
and define the probability distribution as 
p={pi,i=1…max{M1,M2}}
, where M1 and M2 denote the image dimensions in pixels:


pi=∑x,zEi(x,z)∑j,k,x,zEj,k(x,z),
(4)

where E is the energy of shearlet coefficients and is defined as:


Ei(x,z)=Ωi2(x,z).
(5)

In Eq. (5), 
Ωi (x,z) ≡ Ωj,k (x,z)
is expressed as a set of matrices that include orientation and scaling operations. Eventually, the energy of shearlet coefficients provides information about how corresponding scales and orientations are represented at a particular location in the image [16].

The required local version of the probability distribution, 
pilocal(x,z)
is defined as follows:


pilocal(x,z)=Ei∗(x,z)∑j,kEj,k∗(x,z),
(6)

where 
Ei∗(x,z)
is the power of shearlet coefficients, which is locally averaged using a Gaussian smoothing kernel with a standard deviation σ:


Ei∗(x,z)=∑X,Z12πσ2e−X2+Z22σ2Ei(x−X,z−Z),
(7)

where X and Z are the dimensions of the smoothing area. It is essential to emphasize, that we calculate the probability for absolutely all pixels in the image. In this context, the number of system states N is equal to the total number of pixel colors of the analyzed image.

In our study, the local formulation of the probability distribution (6) becomes more relevant compared to the conventional formulation (4). The reason is that spatial changes occurring during the mixing of liquid streams exhibit a local nature. This becomes particularly evident in experiments performed under continuous-flow conditions, where the shape and size of the convective structures undergo considerable spatial variations. With the provided formulas, Eq. (2) takes the following form:


H[pilocal]=∑i=1max{M1,M2}pilocallog2pilocalS[pe],
(8)

where S[pe] is the entropy of the equiprobable distribution 
pe = 1/N
(see Eq. (3)).

Let us introduce one more statistical measure, specifically information complexity, which is determined as follows [14,16,31,32]:


C[p]=Q[p,pe]H[p].
(9)

In this expression, 
Q[P,Pe]
denotes the normalized Jensen-Shannon divergence, also known as the information radius [33], or complete deviation from the mean [34]. The parameter Q serves as the foundation for quantifying complexity C. Essentially, the value of 
Q[P,Pe]
reflects the discrepancy between the actual (observed) and equiprobable probability distributions. Thus, the complexity measure 
C[P]
indicates the extent to which the structure (in our case, convective structure) results from the influence of instability rather than random noise. In simpler terms, complexity indicates how much the system has deviated from an equiprobable distribution. It estimates the extent to which the structure is a consequence of the evolutionary growth of a disturbance caused by some instability. A distinctive feature of the studied processes is their multiscale nature, defining a unique system state. This state significantly differs from the crystalline state, where the system’s structure has a clearly defined wavelength that can be accurately assessed using the entropy measure. Conversely, multiscale structures are not always fully captured by entopic analysis. Let us delve into the example of turbulent processes. Within the framework of synergetics theory, turbulence exemplifies a higher order [35], where “order” does not imply a clearly expressed crystalline structure but rather emphasizes the multi-scaled nature of the process. According to Kolmogorov’s theory [36], turbulence is characterized by an infinite sequence of nested, diminishing vortices. Consequently, the complexity of the structure is determined not by its order or periodicity literally but primarily by its multiscale nature. Considering Eq. (6), the expression for complexity (9) takes the following form:


C[pi]=S[pi+pe2]−12(S[pi]+S[pe])−12log2(N+1)1+1N4NH[pi].
(10)

After calculating the spectral entropy (8) and the complexity (10) for the image, crucial insights into the system’s characteristics emerge from its plots on the “entropy-complexity” parameter plane [14,15,27]. On this parameter plane, there are two asymptotic scenarios. The first corresponds to an organized, spatially periodic structure with a distinct temporal or spatial scale. In such a case, the system exhibits low entropy and complexity levels (
H << 1
, 
C << 1
). In the second case, there is an absence of ordered structures due to the predominance of noise, which overwhelms any signal. In this scenario, the entropy level reaches its maximum value, while the level of complexity remains low (
H ≈ 1
, 
C << 1
). The most intriguing cases lie between these two extremes states, representing structures with nontrivial regularities and relationships.

4  Results

Before computing the entropy and complexity measures, all images underwent preprocessing. Experimental images include a parasitic signal caused by uneven illumination. To address this, we subtracted the parasitic component from the image to minimize errors. To achieve this, we captured an illuminated channel filled with transparent solutions without dye, obtaining a “reference” image that contains information about background non-uniformity. In RGB mode, each pixel in the digital images has three color values, complicating the algorithm’s computation. To prioritize the algorithm’s focus on convective structures rather than the color noise structure, we converted all color images, including the reference images, to grayscale with an 8-bit color depth. Subsequently, we subtracted the reference image from each subsequent capture and cropped it to the standardized size of 
M1×M2
pixels, preparing them for entropic analysis.

4.1 Analysis of Flow Structure Evolution in the Q = 0 Case

Fig. 4 presents two series of images illustrating the evolution of the system’s complexity field during diffusive (Fig. 4a) and convective (Fig. 4b) mixing. The complexity fields were computed for the images shown in Fig. 2.
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Figure 4: Series of images illustrating the evolution of the complexity field during (a) diffusive and (b) convective mixing of a two-layer liquid system in the absence of pumping

At the initial time (
t = 0 
s in Fig. 4), the complexity value at each point in the system for both mixing scenarios tends to zero, indicating the information equilibrium of the system. However, in the experiment, the initial density distribution of the system is not perfectly step-like but rather close to it. Therefore, the initial layers are separated by a thin diffusion mixing zone, causing significant concentration gradients of dissolved substances. It explains the non-zero complexity values in the middle part of the channel, corresponding to the initial boundary of layer contact. We emphasize that there is no contradiction here: from the perspective of hydrodynamics, the system is far from equilibrium at the initial time, but from the information point of view, it is the opposite. We observe a periodic structure in the image, visualized as two horizontal layers lying atop each other, separated by a thin zone, indicating perfect structure and system equilibrium.

Subsequently, due to the mutual diffusion process, the vertical size of the mixing zone increases. In the case of diffusive mixing, the zone continues to expand but maintains stability throughout the experiment. Pure diffusive mixing does not lead to qualitative changes in the system, so the complexity, from the perspective of a multiscale structure, remains close to zero throughout the evolution of the mixing process. In the case of convective mixing, the diffusive zone loses its stability due to the development of double-diffusive convection. It results in a significant intensification of layer mixing and a sharp increase in complexity values, indicating a disturbance of the system’s equilibrium [14]. In specific areas of the channel (see 
t = 40 
s in Fig. 4), regions with low complexity values persist, indicating the non-uniform distribution of convective structure scales. It correlates with the fact that the finger-like structure of double-diffusive convection is aperiodic and develops unevenly. Once the finger-like structure reaches the upper and lower boundaries of the channel, the system undergoes global mixing, leading to the equalization of concentrations of dissolved substances throughout all spatial points. It drives system homogenization, resulting in a reduction in mass transfer intensity. Simultaneously, a decrease in complexity values is observed across the entire space.

Fig. 5 illustrates the temporal evolution of the height-averaged complexity 
<C>
. The relationship describing the complexity changes during convective mixing is non-monotonic. A distinct peak, signifying the presence of the “most complex” state, occurs when the finger-like structure is fully formed, spanning the entire channel height. This moment aligns with the peak intensity of mass transfer in the channel. Subsequently, the finger-like structure gradually dissipates due to the decay of double-diffusive convection, resulting from the levelling (due to mixing) of concentration gradients in the layers. It leads to a decrease in mass transfer intensity, reflected in the value of 
<C>(t)
. In the case of diffusive mixing, the complexity value remains close to zero within the analyzed time. Given the slow nature of the diffusion process, the system does not have enough time within the first 100 s to achieve almost complete mixing, as observed in the convective mixing scenario. It is reasonable to assume that the final state of both systems, under different mixing scenarios, will converge toward the same complexity value. This value characterizes a new equilibrium state distinct from the initial state when the system layers are fully separated. However, in the case of convective mixing, the transition to the new equilibrium state occurs much faster. The results obtained for the same time but in different experimental runs conducted under identical conditions revealed that the maximal error in the calculation of complexity did not exceed 3%, which is within the size of the data points on the graph in Fig. 5. The main source of error stems from the quality of the experimental images, which may contain varying amounts of pixel noise in different implementations due to fluctuations in illumination.
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Figure 5: Temporal evolution of the height-averaged complexity value

Looking ahead, we plan to conduct more extensive experimental investigations where both mixing scenarios lead to a new system state (with complete homogeneity) to verify this assumption. Thus, the analysis of the results confirms that the complexity values indeed detect variations in mass transfer type and flow intensity under different mixing scenarios in the absence of flow.

4.2 Analysis of Flow Structure Evolution in the Q ≠ 0 Case

Fig. 6a presents two sets of images illustrating the evolution of the complexity field during diffusive (upper image in Fig. 6a) and convective (lower image in Fig. 6b) mixing under continuous-flow conditions. The complexity fields correspond to the images presented in Fig. 3. Fig. 6b shows the dependence of the height-averaged complexity on the channel length. In diffusive mixing along the channel, there are minimal changes. The flow hinders the transverse mixing of liquids due to the prevalence of its characteristic velocity to the characteristic diffusion rate. As a result, the system state along the channel changes slightly. An exception is the area near the Y-junction, for which the complexity value is maximum. Similar to the stationary case, this is explained by a high initial gradient caused by the presence of a thin diffusive mixing zone between the layers. Further along the channel, this gradient decreases. It brings the system closer to a new equilibrium state and leads to a decrease in the complexity value.

[image: images]

Figure 6: (a) Complexity fields calculated for diffusive (top) and convective mixing (bottom) scenarios of a two-layer liquid system under continuous-flow conditions. (b) Dependence of height-averaged complexity on channel length. (c) The averaged dependence of the height-averaged complexity on channel length. The dashed lines indicate the deviation of 
<C>
values from the mean

In the case of convective mixing, the obtained complexity field reflects all stages of the convective structure evolution observed in stationary conditions, as described in Section 4.1. The maximum value of the complexity measure is obtained for the initial section of the microchannel, where convective fingers occupy the entire channel height. The complexity-length dependence 
<C>(L)
(Fig. 6b) also exhibits a distinctive maximum corresponding to this mixing stage. Downstream, the convective fingers become less pronounced, indicating convection decay and a decrease in the value of mass transfer intensity. This mixing stage corresponds to a transition to a downward trend in the 
<C>(L)
curve. At the end of the channel, where the initial streams are almost mixed, the mass transfer mode transitions from convective to diffusive, accompanied by a corresponding decrease in complexity, reaching its minimum value in this region. Additionally, Fig. 6c illustrates the averaged dependence of the height-averaged complexity on the channel length for the convective mixing case. Data averaging was conducted across four different experiments performed under the same conditions. All the dependencies 
<C>(L)
obtained for these experiments exhibit the same trend, with minor variations in peak positions characterizing the position of finger structures. The presence of the flow induces slight changes in the location of these peaks during the experiment, even after the establishment of the system’s steady state. The dashed lines in Fig. 6c indicate the deviation of values from the mean. The obtained error surpasses that observed in experiments conducted under no flow conditions, attributed to the increased pixel noise induced by the presence of the flow. We do not provide the averaged dependency for the case of diffusive mixing since the difference in results obtained for different implementations is minimal and almost indistinguishable from the result presented in Fig. 6b.

5  Conclusion

The flow irregularities and concentration inhomogeneities can impact the quality and uniformity of the material synthesized in a continuous-flow regime. These irregularities may result from factors such as turbulence, improper temperature control, or uneven distribution of reactants caused by convection. The possibility to detect and visualize irregularities helps prevent defects and optimize synthesis efficiency. Conventional methods for assessing flow patterns in microchannels involve techniques like micro-PIV for velocity analysis or confocal microscopy for concentration fields. In this study, we offer to use an alternative criterion applicable to images obtained by widespread dilution-based methods.

We study the mass transfer dynamics during the mixing process of a two-layer miscible system within a horizontal Y-shaped microchannel. Our investigation encompassed two distinct mixing scenarios: diffusive and convective. In the first case, we examined the trivial diffusive mixing scenario. In the second case, we investigate the intensification of mixing by the double-diffusive instability. We analyzed both scenarios under two conditions: the stationary case (
Q=0
), where the system’s state evolves over time but not space, and the non-stationary case (
Q≠0
), where the mixing process depends on space but not time. To characterize the type of mass transfer and detect structure formation, we employed statistical entropy and complexity measures, utilizing a local approach. To calculate entropy and complexity measures, we utilize the shearlet-based transform that facilitates the generation of two-dimensional fields of complexity, offering comprehensive insights into local inhomogeneities, flow structure and mass transfer intensity within the microchannel.

Obtained complexity fields allowed us to identify the local areas with transition points from diffusive to convective mass transfer, significant for understanding the dynamic of the investigated systems. Also, to illustrate the transition in the type of mass transfer within the channel, we constructed a dependence illustrating changes in the height-averaged complexity measure as a function of channel length. Obtained dependence demonstrated a robust correlation between local convective structure formation and mass transfer intensity. We revealed that the maximal complexity value aligned precisely with the stage of fully formed double-diffusive fingers. It represents the “most complex” (from an information point of view) state with a high mass transfer intensity. As the system became more homogeneous, complexity values decreased, indicating a decrease in mass transfer intensity. This result highlights the efficiency of using complexity measures to detect variations in mass transfer. Despite the advantages of this criterion, there are also drawbacks. Using this criterion imposes stringent requirements on the quality of processed images and, namely, on the pixel noise level. If the useful signal and the parasitic noise are of the same magnitude, the resulting outcome may lack meaningful information. Also, the algorithm presented in this study is suitable for processing grayscale images. In the future, there are intentions to refine the algorithm to analyze RGB images.

In conclusion, our findings confirm that the proposed information complexity measure can indirectly assess mass transfer intensity in liquid media under a continuous-flow regime and in cases without flow. Additionally, the two-dimensional complexity fields provide general information about structure formation and also enable the identification of local inhomogeneities characterizing the uneven distribution of substances dissolved in the system. The results indicate potential applications in optics for detecting local irregularities of optical systems, and in solid mechanics for identifying cracks and defects in solid materials. However, the most extensive prospects lie in microfluidics. Assessing the complexity measure can be beneficial for optimizing microchannel design, improving mixing efficiency, controlling irregularities in reagent distribution, and mitigating disruptions to internal structures and external deformations (such as porosity) in the synthesized substances.
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