
Thermodynamics and Statistical Physics Revista Mexicana de Fı́sica72061701 1–14 NOVEMBER-DECEMBER 2026

Deep learning based identification of solvents from post-desiccation patterns
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We introduce an optimized Deep learning protocol for fracture pattern classification to identify the solvent involved in the desiccation crack-
ing process of starch-liquid slurries, even after its complete evaporation. For this purpose, image analysis techniques were used to characterize
patterns obtained from drying suspensions using single solvents (water, ethanol, acetone) and two-component solvents (water-ethanol mix-
tures at different concentrations). Frequency histograms were generated based on nine morphological features, taking into account their
size, shape, geometry and orientational ordering. Subsequently, we used these histograms as input data in different artificial neural network
variants to determine which set of features leads to the highest accuracy in solvent identification. An average accuracy of up to96(±1)% was
achieved in the classification when all solvents were considered in the analysis. The highest accuracy was obtained with sets that include the
crack area,AcrN , a feature barely considered in the literature. We found thatAcrN can be related to the cohesive energy associated with hy-
drogen bond interactions. Taking this into account, we estimated some physicochemical properties of two-component solvents (specifically,
the Hansen and Kamlet-Taft parameters) based solely on the features of patterns obtained from the individual components, achieving an error
within 15% compared to the values determined from the literature. The proposed protocol could help to encode some implicit parameters
and the optimal combination of features for pattern recognition in other fields of science and engineering.
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1. Introduction

In different scientific fields, neural networks stand out for
their effectiveness and efficiency in automatically classifying
patterns based on their morphological features [1-10]. Pono-
marevet al. [4,5] used an automatic classification method of
immunofluorescent images for autoimmune disease diagnos-
tics based on the number, size, shape, and localization of in-
dividual cells in medical tests, achieving an average accuracy
of 84(±6)% and showing performance comparable to that of
the texture-based method [6]. Umeret al. [7] proposed a per-
son identification system based on multiscale morphology to
extract structural and textural features from human iris im-
ages, with average accuracy of99(±1)%. Wang et al. [8]
developed a model for material property classification based
on X-ray and neutron diffraction patterns of crystal struc-
tures, reaching accuracies of66(±14)% for the perovskite
family ABO3. Fan et al. [9] propose a model for classi-
fying multi-defect wafer map patterns by combining a den-
sities clustering method with geometric features, including
form factor (area/perimeter) and eccentricity, obtaining aver-
age accuracy of up to94%, whereas more recently, Choi and
Suh [10] achieved over98% accuracy for the same purpose
with a model focused on the active contour. Although neural
networks with statistical approaches are feasible tools for pat-
tern recognition, a correct selection of parameters is essential
to avoid overfitting and increase the accuracy and efficiency
of the method.

Desiccation patterns are probably the most common ex-
amples of how nature spontaneously generates configurations

through complex processes that occur over multiple time and
length scales. For example, at microscopic scale, slow evap-
oration of gold nanoparticle suspensions results in microwire
patterns induced by drying liquid bridges [11]. Evaporation
of blood droplets produces dendritic patterns with radial fis-
sures in the periphery related to a high concentration of lipids
[12]. On a much larger scale, drying processes in basins and
lakes generate polygonal salt patterns [13], while the shrink-
age of frozen ground (permafrost) creates ice-filled crevices
and soil [14]. Furthermore, these polygonal patterns are not
limited to Earth alone, but are also found on the surface of
Mars [14-19] and the Moon [17]. Such patterns exhibit great
morphological diversity due to the influence of multiple fac-
tors during their formation; however, they can be effectively
analyzed and classified using image analysis and Deep learn-
ing techniques (for example, to predict the number of cracks
in the soil based on the initial moisture content, layer thick-
ness, and sample size [20]), provided that adequate selection
of parameters is made.

Thin layers of colloidal suspensions have been exten-
sively used at laboratory scale to explore desiccation pro-
cesses. On the one hand, it has been shown that the morphol-
ogy of the resulting cracking patterns depends significantly
on the thicknessh of the layer. Theoretically, thin films crack
upon reaching a critical stress, which relaxes over a distance
proportional toh [21], while the crack spacingL follows a
power scaling with exponentn = 2/3 [17,22], in reason-
able agreement with experiments (n = 0.65 ± 0.01 for sil-
ica particles [23,24],n = 0.71 ± 0.01 for cornstarch and
n = 0.53 ± 0.02 with clay [17]), for which the character-
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istic lengthsL1 =
√

Ac/Nc andL2 = Ac/LT have been
proposed, whereAc is the size of the container,Nc the num-
ber of cells, andLT the total length of the cracks. In addition,
the average displacement of the pattern vertices increases lin-
early withh during repeated wetting and drying cycles [21].
Likewise, the characteristic areaA of the patterns is directly
proportional toh4/3 when using cornstarch with water, as
well as calcium carbonate(CaCO3) with different solvents
such as water, isopropanol and silicone oil [16,17]. On the
other hand, Choudhuryet al. [25] studied the desiccation
cracking process in bentonite-chloride salt slurries. Bentonite
can exhibit strong swelling and dispersion due to water ab-
sorption, but the presence of dissolved salts affects shrinkage
properties, surface tension and internal stress distribution by
altering the ionic concentration, osmotic effects, and physico-
chemical properties. All these results evidence the influence
of solute/solvent interactions on the morphological features
of fracture patterns.

In order to classify fracture patterns, frequency his-
tograms are a useful tool to represent their morphological
distribution. A variety of parameters exists to characterize
the geometry and topology of these patterns based on ra-
dial density profile [12], average areas [16,26-29], lengths
[17,19,23,24,27,30], number of neighbors [19,29,31], fractal
dimension [32,33] and lacunarity [33], to name a few, but
only some studies include a large dataset of measurements.
However, histograms based on the normalized isoperimetric
ratio, defined asλ = 4πA/P 2, whereA is the area andP
is the perimeter of the patterns, have been proposed by Roy
et al. [29] as the most efficient parameter to distinguish be-
tween fracture patterns, which they qualitatively evidenced in
cracked materials of natural mud, clays (such as laponite and
bentonite), corn and potato starch extracts, polymers (such
as PDMS), among others. From a statistical point of view,
this should hold true even if the successive cleavage of the
fracture patterns does not follow a regular or uniform process
[31]. For this reason, histograms of the area−perimeter set
and other morphological features may contribute to the au-
tomated identification of such patterns, but the effectiveness
and efficiency of these features for classification is still un-
known.

In this work, we propose an optimized Deep learning pro-
tocol that uses neural networks to recognize and classify frac-
ture patterns produced during the desiccation of cornstarch-
liquid slurries involving different solvents. For this purpose,
an experimental array (described in Sec. 2) was used to fol-
low the evaporation process of thin layers of the slurries un-
til the fracture patterns appear. The experimental results are
discussed in Sec. 3. The methodology used for the morpho-
logical analysis is described in Sec. 4, where the set of fea-
tures are represented in frequency histograms to characterize
fracture patterns from their size, shape, geometry and orien-
tational ordering. On the one hand, the size is characterized
using the area and perimeter of the cells and the area of the
cracks, all normalized by characteristic values, while shape
is described by the eccentricity. On the other hand, the ge-

ometry is determined by the number of neighbors, obtained
from Voronoi diagrams; while ordering is determined by an
order parameter, defined as a function of these neighbors and
the centroids of the cells. In Sec. 5, we outline the frame-
work of the proposed protocol, emphasizing the construction,
training, and accuracy calculation of an Artificial Neural Net-
work (ANN) to classify experimental sample classes. Sub-
sequently, in Sec. 6, the accuracy of the classification was
evaluated considering each individual feature as well as com-
binations of different sets of features, identifying those sets
that lead to the highest accuracies. We also discuss why the
featureAcr becomes relevant for the classification based on
its correlation with hydrogen bonding solute-solvent interac-
tions. In Sec. 7, a possible application of the protocol focused
on the estimation of physicochemical properties is presented.
The conclusions are finally summarized in Sec. 8. Addition-
ally, an Appendix section is provided to explain why the ac-
curacy of the model can be compromised in the analysis.

2. Experimental setup

The experimental design is sketched in Fig. 1a), and it is simi-
lar to previous systems used in the literature [26,27]. A given
mass of cornstarch-liquid slurry is deposited in a cylindri-
cal aluminium container of diameterDc = 100 mm, and
the container is placed on an analytical balance (OHAUS
PX423). The system allows for recording the mass of the
slurry during the desiccation process every minute, and a dig-
ital thermometer-hygrometer placed inside the balance cham-
ber was used to register the temperatureT (◦C) and the rela-
tive ambient humidity RH(%) every five minutes. A digital
camera (NIKON D3200) is positioned to record images from
a top view of the container and to capture the final morphol-
ogy of the fracture patterns.

The mixtures were prepared with an initial concentration
φ0 = 1/2, defined asφ0 = mliq/ (mliq + mcs) [34], where
mliq is the mass of the liquid (solvent) andmcs corresponds
to dry cornstarch (solute), obtained from a commercial brand
(Maizena). A massm0 = 40.0 (±0.1)g of the homoge-
neous mixture was prepared for each experiment using equal
masses of liquid (20.0g) and cornstarch (20.0g), obtaining
average densitiesρ = 1.20(±0.01) g/cm3 for cornstarch-

FIGURE 1. a) Experimental setup components: (1) digital camera,
(2) digital thermometer-hygrometer (3) aluminum container with
initial massm0 of a specific mixture, and (4) analytical balance. b)
Remanent massm of the mixtures as a function of timet during
the drying process, for three different solvents.
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water slurry and ρ = 1.03(±0.01) g/cm3 for both
cornstarch-ethanol and cornstarch-acetone slurries. The mix-
ture is deposited in the center of the container, and it extends
radially, forming a thin horizontal liquid layer of thickness
h0 ∼ 4−5 mm ¿ Dc. Once the solvent evaporation is com-
pleted, the layer thickness (and therefore, the volume of the
layer) is reduced by16(±1)%, and the patterns are recorded
for subsequent analysis.

Following the procedure described above, 75 liquid layers
were prepared using single solvents, distributed in 25 sam-
ples for each solvent: deionized water, ethanol (CTR Scien-
tific) and acetone (CTR Scientific). The samples were left
to evaporate naturally for 48, 24, and 12 hours for the water,
ethanol, and acetone mixtures, respectively. The latter sub-
stances are more volatile and require less time for total evap-
oration, which is considered to occur whenm ≈ 20 g, i.e.
when all the liquid has been evaporated and only the solute
remains in the container. Environmental conditions remained
nearly constant throughout the experiments, with an average
relative humidity of RHenv = 39(±6)% and an average room
temperature ofTenv = 28(±1)◦C.

3. Experimental results

3.1. Evaporation process

Figure 1b) shows how the mass of the mixturem decreases
with time t for the three samples of water, ethanol and ace-
tone. From the moment of deposition, evaporation proceeds
in two stages [26,35,36]. First, the mass decreases linearly
with time (constant evaporation rate) until a wet cornstarch
layer seems to settle at the bottom of the container, which
is characterized by the notorious change of curvature in the
plots. At this moment, the layer adheres to the substrate and
begins to contract until it detaches from the container walls.
This process is consistent for different solutes in water, such
as cornstarch [16,30], granular polymers [37], Romainville
clay [27], hard and soft nanolatex spheres [26,31], Sisal fiber
and soil [38], sand and kaolinite clay [32], among others.
Subsequently, two types of cracks appear that divide the layer
into primary and secondary patterns according to their order
of appearance [16,30]. Primary patterns arise from a critical
hc layer thickness and they are formed in the first evaporation
stage due to capillary contraction of the material [16]. Dur-

ing the second evaporation stage for the case of cornstarch in
water, secondary patterns emerge in large amounts and simul-
taneously within the primary patterns due to dehydration of
the hygroscopic cornstarch particles [16,31], even when the
layer thickness ish < hc. For the case of ethanol and ace-
tone, only one kind of cracks appear during the evaporation
process and the resulting patterns are more homogeneous, as
we discuss in the following section.

3.2. Fracture patterns produced by different solvents

Figure 2 shows that the final fracture patterns depend on the
solvent used. For the case of water, primary thicker fractures
are clearly observed (secant lines crossing almost the whole
layer), which are not observed with ethanol or acetone. There
are also numerous small secondary thinner fractures asso-
ciated with columnar joints in water [21,35,36], while the
number of cells decreases significantly in ethanol and ace-
tone, causing an increase in their size, as shown in Fig. 2a).
Furthermore, the secondary cells are larger in acetone than
in ethanol, whereas in water they are noticeably smaller and
more irregular. Consequently, the samples in Fig. 2a) can in
principle be easily distinguished from one another.

The change in pattern features can be associated to
changes of the physicochemical properties of the solvent. To
explore this aspect, we considered 50 additional liquid layers
with binary solvents consisting of mixtures of water and

FIGURE 2. Fracture patterns observed in experimental samples of
mixtures using solvents of a) pure liquids and b) water-ethanol mix-
tures with the indicated percentages of ethanol.

TABLE I. Some properties of pure solvents and ethanol-water binary solvents used in this study, including: the surface tensionσ, densityρ
and viscosityη at25◦C [39-43]. Volume fractionv and mole fractionX of ethanol(M = 46.07) in water(M = 18.02), depending on the
indicated percentage of ethanol mass in the mixture, whereM denotes the molar mass.

Property Water 20% 40% 60% 80% Ethanol Acetone

σ (mN/m) 72.01 37.97 30.16 26.23 23.82 21.82 23.02

ρ (g/cm3) 0.9971 0.9663 0.9316 0.8882 0.8398 0.7856 0.7843

η (mPa·s) 0.8907 1.7803 2.3586 2.2411 1.7302 1.0907 0.3050

v 0 0.241 0.458 0.656 0.835 1 -

X 0 0.089 0.207 0.370 0.610 1 -
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ethanol at different concentrations (see Table I). The char-
acteristic patterns of the transition from pure water to pure
ethanol are shown in Fig. 2b) using water-ethanol mixtures
at 20, 40, 60 and 80% of ethanol content. On the one hand,
for concentrations close to pure liquids, the number of pat-
terns and the size of the cracks appear similar to those of
the dominant liquid, although contrasting morphological fea-
tures arise due to the recessive liquid. On the other hand,
mixtures with comparable proportions of water and ethanol
can be clearly distinguished from the other samples. For in-
stance, at40% ethanol, primary cracks disappear with respect
to 20%, but the number of secondary cells looks similar. A
particular pattern appears at60% ethanol, in which case the
pattern size and width of the cracks seem considerably larger.
However, in the mixture of80% ethanol, a clear competition
arises between the morphological features obtained with pure
liquids; the presence of water produces thicker fractures, but
with an ordering and geometry of cells similar to those ob-
served in pure ethanol. Therefore, the number of patterns,
the spatial distribution, their average area and perimeter, and
the thickness of the cracks are morphological features of the
patterns determined by the solvent, which have to be consid-
ered in the classification and identification protocol.

4. Morphological analysis

Figure 3 illustrates the methodology used for the morpholog-
ical analysis of fracture patterns. Images of all experimental
samples are first captured, as illustrated in Fig. 3a). Then, us-
ing the software FIJI ImageJr, each image is binarized to
show exclusively the cracks that outline the boundaries of
the patterns as depicted by the red borders in Fig. 3b). By
performing this image analysis iteratively for each of the ex-
perimental samples, five main features can be estimated: the
numberNc of patterns in each experimental sample, the area
A, perimeterP , centroidC (x, y), and eccentricityε of the
patterns. After applying Voronoi tesselation, the total length
LT was obtained. Furthermore, each image was divided in
n = 64 circular sectors to account for variations in the crack
distribution, and the number of pixels conforming the cracks
in each sector was estimated, which allows to obtain the area
Acr of the cracks. These morphological features character-
ize the size (area−perimeter) and shape (eccentricity) of the
fracture patterns.

FIGURE 3. Image processing. a) Picture of a fracture pattern.
b) Corresponding centroids (black dots) and c) Voronoi diagram
(black edges) from the real fracture pattern (red edges) after image
processing.

On the other hand, centroids [Fig. 3b)] allow to infer ge-
ometrical and ordering features of the patterns, which show a
high correspondence with the Voronoi diagrams [black edges
in Fig. 3c)] [29]. Using MATLABr, if we focus on the
Voronoi diagram of the centroidCk of some pattern [see
Fig. 3b)], we can compute its number of neighborsNB,k

with the associated Voronoi diagram to know its geome-
try. In addition, such centroid can be linked to two adja-
cent and consecutive centroidsCk,j andCk,j+1 by straight
lines [blue lines in Fig. 3c)] to calculate the angleθj be-
tween them. Therefore, the associated bound orientational
parameter (BOP)ψk,n of eachk−th pattern [44], defined as
a function of the numberNB,k and the anglesθj for each
j = 1, . . . , NB,k, can be computed by:

ψk,n =
1

NB,k

∣∣∣∣∣∣

NB,k∑

j=1

exp (inθj)

∣∣∣∣∣∣
, 0 ≤ θj < 2π, (1a)

with

θj = arccos
[
(Ck,j+1 − Ck) · (Ck,j − Ck)
|Ck,j+1 − Ck| · |Ck,j − Ck|

]
. (1b)

By applying the morphological analysis to all fracture pat-
terns, we initially estimate the average values of such mor-
phological features. On the one hand, since the area of the
containerAc = 7854 mm2 is constant, then the average
areaA of the patterns is inversely proportional toN c, such
that: A ≈ Ac/N c = L2

1. On the other hand, the mea-
surements obtained from the image analysis also reveal that
P ≈ 8Ac/LT = 8L2. Additionally, the patterns exhibit sim-
ilar characteristics; they follow the normalized isoperimetric
ratio with an average value ofλ = 0.70±0.03, and they show
comparable average values of eccentricity(ε = 0.67± 0.07)
and order parameter(ψ = 0.47 ± 0.17). Therefore, nor-
malized quantities for the sizes of the patterns and cracks
can be defined relative to these characteristic lengths,i.e.,
AN = A/L2

1, PN = P/ (8L2), andAcrN = Acr/L2
3, re-

spectively, whereL3 ≡ L2
1/L2 = LT /Nc. Then, a set of

normalized features can be used for the morphological char-
acterization of the fracture patterns.

Figure 4 displays the size and shape measurements in the
form of frequency histograms of normalized features, which
help to identify those parameters that can be useful to clas-
sify the experimental samples. To obtain the histograms,
the methodology described above was iteratively applied to
the samples [see Figs. 4A)-4B)], with the goal of extracting
and characterizing nearly24, 000 individual cells. In the his-
tograms, one can notice that the measurements for ethanol are
more homogeneous than for the case of water (which shows
a wider distribution). For the mixture of20% water and80%
ethanol, two maxima appear in the distributions ofAN and
PN indicating a superposition of the effects of both solvents.
There is also a noticeable shift to the left in the maximum of
theAcrN distribution for more volatile liquids. This indicates
thinner cracks for acetone and ethanol compared to water.
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FIGURE 4. Size-shape analysis. (A) Final patterns observed after the desiccation process of layers of cornstarch and the indicated solvent. (B)
Corresponding processed images used to identify the cracks (red edges) and their centroids (black dots). In A and B the scale bar is50 mm.
(a-e) Histogram distribution of (1) pattern areaAN, (2) perimeterPN, (3) crack areaAcrN, (4) isoperimetric ratioλ, and (5) eccentricityε,
obtained using as solvent: (a) water, (b) ethanol, (c) acetone, and (d)80/20% and (e)20/80% water/ethanol. Colored lines represent the
average value and the gray shaded area represents the standard deviation.

For the binary mixtures, the maximum is between the val-
ues corresponding to the pure solvents, and the shift depends
on the ethanol concentration, suggesting thatAcrN could be
one of the most relevant parameters for the classification and
identification of the solvents.

Figure 5 shows histograms corresponding to ordering pa-
rameters (ψ4, ψ5, ψ6) and number of neighborsNB , where
it is more difficult to distinguish by eye the differences be-
tween the distributions. The histograms show that the pat-
terns have between 4 and 7 neighbors, while on average they
tend toward hexagonal geometries(NB = 6 ± 1) in samples
with pure water and,80% water and20% ethanol mixture,
but they tend toward pentagonal geometries(NB = 5 ± 1)
in those with pure ethanol, pure acetone and,20% water and
80% ethanol mixture [see Fig. 5A)]. On the other hand, the
order parameter is used to analyze whether the centroids of
the patterns are organized in an ordered(BOP→ 1) or dis-
ordered(BOP→ 0), but from Figs. 5A)-5D) one finds that
the47 (±2) % of the patterns present values of BOP between
0.35 and0.65 [see Fig. 5B)], which are around their mean
value; therefore, it is concluded that the centroids do not man-
ifest a predominant symmetry associated with square, pen-
tagonal or hexagonal structures.

5. Deep learning implementation

Let us now describe the Deep learning approach used to
identify the solvent involved in the desiccation process (see

framework in Fig. 6). First, we apply the fracture pattern
analysis described in the previous section to obtain the fre-
quency histograms [Fig. 6a)]. Then, the Artificial Neural
Networks (ANNs) is trained in MATLABr using a 5-fold
cross-validation [Fig. 6b)], where the dataset is divided into
five equal parts: four of them(80%) are used as the train-
ing set, and the remaining one(20%) as a test set (shown
in yellow), and the latter is rotated until all five possible
combinations are covered [10,45]. Then, a multilayer per-
ceptron (MLP) neural network with a given number of neu-
ronsN is employed, which consists of fully connected lay-
ers: an input layer (IL), one or more hidden layers (HL=
1 − 10), and an output layer (OL). Here, the frequency his-
tograms are used as input data(f1, f2, . . . , fn) and the differ-
ent solvents are defined as output data(C1, . . . , C5). Subse-
quently, the neural network is trained using the Scaled Con-
jugate Gradient (SCG) backpropagation algorithm, which it-
eratively adjusts weights and biases to minimize errors, with
three predefined random seeds to ensure the reproducibility.
For each hidden layer, the hyperbolic tangent sigmoid func-
tion tanh(x) = 2/(1 + exp(−2x)) − 1 is used as the ac-
tivation function, while the softmax transfer functionyi =
exp(xi)/

[∑N
j=1 exp(xj)

]
is assigned to the output layer.

Using an initial number of neuronsN , ranging from60 to120
in increments of2 neurons, 31 neural network variants are
evaluated for each individual feature{X1, . . . , X9} across
ten hidden layers with steps ofp = 6 neurons. The confusion
matrix highlights the correctly classified samples (shown in
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FIGURE 5. Orientational ordering analysis. (A-B) Voronoi diagrams (colored cells) and centroids (white dots) obtained from the actual
patterns (black lines) depending on the solvent. Colors are used to indicate A) the number of neighborsNB and B) the orientational order
(hereψ5 is shown for visualization) according to the color bars. (1-4) Frequency histograms of 1) nearest neighbors, and different order
parameters 2)ψ4, 3)ψ5 and 4)ψ6, depending on the solvent indicated in the same row. Colored lines represent the mean values and the gray
shaded areas the corresponding standard deviations.

FIGURE 6. Framework of the proposed protocol, including: a) database construction, b) Deep learning implementation, and c) model
evaluation.

Rev. Mex. Fis.72061701
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green), which vary for each neural network variant, and the
classification accuracy is calculated as the ratio of the num-
ber of correct predictions to the total number of tests. While
the mean diagonal of the confusion matrix is used to deter-
mine the accuracy, the model confusion is given by the off-
diagonal elements. From 465 runs per hidden layer (5 folds
× 3 seeds× 31 variants), an average accuracy curve is ob-
tained, illustrated by the green curve of the Acc vs HL plot in
Fig. 6c). This process is performed with all the size, shape,
and ordering features to determine which of them lead to a
higher classification accuracy, individually or forming fea-
ture sets of different size(S = 1, . . . , 9).

6. Model evaluation

6.1. Accuracy of individual features

Figure 7 shows the variation in the accuracy of the classifica-
tion as a function of the number of hidden layers. The upper
curves (higher accuracy) in each plot correspond only to

FIGURE 7. Classification accuracy. Performance of a) the normal-
ized isoperimetric ratioλ in three MLP neural network configu-
rations depicted in the inset: increasing, constant, and decreasing
architectures as a function of the number of hidden layers (HL). b)
Performance of each feature in the decreasing architecture. Solid
lines indicate mean values, and shaded areas represent the corre-
sponding standard deviations.

the classification of single solvents (water, ethanol, and ace-
tone), while the bottom curves (lower accuracy) also include
binary solvents. In particular, using the isoperimetric ratio,
Fig. 7a) exemplifies the accuracy reached for three MLP neu-
ral network configurations obtained by decreasing, keeping
constant, or increasing the number of neurons in each hidden
layer (as shown in the inset). One can notice that the decreas-
ing MLP neural network achieves the highest accuracy [red
symbols in Fig. 7a)]. Thus, we can improve the accuracy of
the classification by choosing this architecture, which is the
one used in the rest of this study. The decrease of accuracy
when binary solvents are included is due to an increase on
confusion in the analysis generated by the overlapping of the
frequency histograms and the similar microscopic physico-
chemical properties of the solvents (see Appendix section).

Figures 7b) present a comparison of the classifi-
cation accuracy achieved using nine individual features
(λ, ε, NB, ψ4, ψ5, ψ6, AN , PN , AcrN ) as input to the 31 vari-
ants of the decreasing MLP neural network, in order to iden-
tify those parameters contributing to higher or lower predic-
tive performance. When all the solvents are included (lower
curves), the order parameterψ6 yields the lowest perfor-
mance, with accuracies ranging from51(±2)% to 59(±2)%;
ε,NB, ψ4 andψ5 achieve values from64(±2)% to 75(±2)%.
In comparison, the normalized parametersλ, PN and AN

reach higher values from73(±3)% to85(±1)%. Notably, the
normalized crack areaAcrN yields the highest performance,
ranging from90(±2)% to 94(±1)%; therefore, this is a key
parameter to maximize the accuracy of the classification.

6.2. Improving accuracy with set of features

The combination of features can be used to improve even
more the classification accuracy, using concatenated his-
tograms as input data of the decreasing MLP neural network.
By combining the features, there are29 − 1 = 511 possible
sets with at least one feature. Thus, we calculated the average
accuracy of each combination to identify the set of features
that maximizes the accuracy, and avoid sets with overfitting
that decrease its overall value. Figure 8 presents those sets
with the lowest (blue), intermediate (green) and highest (red)
average accuracies, depending on the number of parameters
conforming the set. For the case of single solvents [Fig. 8a)],
the combination of parameters leads to very high accuracies
> 95%. Even with a two-feature set(ψ4, AcrN), the high-
est accuracy is reached (100.0%), but using the full nine-
features set results in overfitting, with a slight decrease of ac-
curacy and inconvenient longer processing time. On the other
hand, including binary solvents in the analysis [see Fig. 8b)],
the classification is certainly less accurate. In this case, the
two-feature set(ψ5, ψ6) yields the lowest classification per-
formance, with an accuracy of66.1(±2.8)%. In contrast,
the four-feature set(λ, ψ4, ψ5, AcrN) yields the highest ac-
curacy of97.0(±1.2)%, slightly better than the two-feature
set(ψ4, AcrN), which accuracy is96.8(±1.4)%. The use of
all the parameters also results in overfitting in this case, with
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FIGURE 8. Classification accuracy for some sets of features (with
N = 60 neurons), comparing a) three classes corresponding to sin-
gle solvents (water, ethanol, and acetone) and b) five classes includ-
ing the single solvents and binary solvents (20% and80% ethanol
content in water). For sets with the same number of elements, the
worst, intermediate and best accuracies are indicated by blue, green
and red bars, respectively. For comparison, green bars correspond
to the same sets in both cases a) and b). The vertical black line
corresponds to the accuracy using onlyAcrN , which leads to the
highest value obtained with an individual feature.

an accuracy of93.6(±1.6)%. Therefore, the most suitable
set of features for the classification in both groups of solvents
is (ψ4, AcrN), associated with the orientational ordering and
the area of the cracks. It is important to remark that the mea-
surement and subsequent analysis of data is simpler for those
features that can be easier to determine. For instance, an ad-
equate feature set to analyze unknown samples of fractured
dried layers that requires less processing time is the set asso-
ciated with size(λ,AN , PN , AcrN ) which achieves an aver-
age accuracy of96(±1)%, very close to the highest value.

6.3. What makesAcr a powerful feature for pattern clas-
sification? Towards a microscopic perspective

In the previous sections, we show thatAcr can perform bet-
ter as a morphological feature for classification than most of
features sets, and those sets leading to higher accuracy also
includeAcr. In order to understand why this parameter plays
such a fundamental role in the classification, it is necessary

to discuss the origin of crack formation and the role of physi-
chochemical properties involved in the process.

The consolidation of particles during the evaporation of
colloidal and granular suspension produces an increase of the
tensile stresses due to the competition between the compres-
sive capillary pressure and substrate constraints [46], nucle-
ating cracks to dissipate stored elastic energy. This process
is fundamentally governed by the Griffith’s criterion [21,47-
49]. According to this criterion, primary cracks form in the
direction that maximizes the condition:G − Gc ≥ 0, where
G is the strain energy release rate andGc denotes the critical
energy required to create new fracture surfaces. The critical
valueGc depends on the surface energy per unit areaγs and
the plastic work per unit areaγp [49].

In our system of cornstarch-water slurries, both primary
and secondary cracks are observed. This is in agreement
with previous studies [16,28]. Thick primary cracks appear
first sequentially, while thinner secondary cracks appear later
simultaneously within primary cells. The first ones typi-
cally form T-junctions, while the second ones form Y- or
V-junctions. According to Refs. [16,28], capillary-induced
film shrinkage promotes primary cracks. As the water evap-
orates, solvent menisci form between individual particles,
generating a Laplace pressure that scales as∆P ∼ σ/R,
whereR ∼ 6 µm is the mean size of cornstarch particles
[16,28]. Therefore, the induced capillary stress is∼ 12 kPa.
The secondary cracks are generated by the deswelling of the
hygroscopic cornstarch particles [16]. In contrast, only one
kind of cracks is observed for cornstarch with ethanol or ace-
tone (σ ∼ 22 mN/m), where the induced capillary stress (∼
4 kPa) is not enough to generate large primary cracks. Sim-
ilar results were found for potato starch in water [28], where
primary cracks are suppressed and only secondary cracks are
formed, in which case, the reduction in capillary stress comes
from the particle size (R ∼ 15 µm). Since primary cracks
disappear using binary solvents between the range of 20-40
% of ethanol in water mixtures (σ ∼ 30−38 mN/m), one can
roughly estimate a critical stress of∼ 6 kPa. Additionally,
we have to consider that changes in the rheology of the sus-
pension could contribute to generate changes in the observed
patterns. It was recently reported that the suspension behav-
ior changes continuously with ethanol concentration from dy-
namic shear thickening for pure water to low viscosity shear
thinning for pure ethanol, passing through a yield-stress-fluid
phase for intermediate mixtures, with a maximum solubility
(cosolvency effect) at 50-75% concentration [50]. This effect
could be associated to the remarkable change in the pattern
at 60% concentration in Fig. 2.

The above discussion suggests that changes in desicca-
tion patterns for the cornstarch slurry could be mainly due to
surface tension and solubility effects, which are determined
by atomic and molecular interactions within the material. At
atomic and molecular scales, solute-solvent interactions re-
sults in cohesive energy. In cornstarch-liquid slurries, starch
(mainly amylose and amylopectin [51,52]) contains hydroxyl
groups that form strong hydrogen bonds [53] with solvents
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FIGURE 9. Crack area values per solvent. Crack areaAcr normalized to container sizeAc = (π/4)D2
c with respect to a) Hildebrand parame-

terδ b) Hydrogen bonding,δH (Hansen parameter), and (c) hydrogen-bond donor,α (Kamlet-Taft parameter). Linear fits of experimental data
corresponding to a)(Acr/Ac)×100% = 0.39 δ−2.95, b) (Acr/Ac)×100% = 0.34 δH +1.19, and c)(Acr/Ac)×100% = 24.86 α−13.94.

TABLE II. Hansen parametersδD, δP andδH [54], and Kamlet-Taft parametersα, β andπ∗ [55,56] of the indicated pure solvents and
ethanol-water binary solvents. The corresponding parameters for binary solvents were calculated using the linear approximation:δi,mix =
vδi,ethanol+ (1− v)δi,water [54] andκmix = Xκethanol+ (1−X)κwater, with i ∈ {D, P, H} andκ ∈ {α, β, π∗} [56], with the values ofv and
X for ethanol in water provided in Table I.

Property Water 80/20% 20/80% Ethanol Acetone

δD (MPa1/2) 15.50 15.57 15.75 15.80 12.50

δP (MPa1/2) 16.00 14.27 9.98 8.80 10.40

δH (MPa1/2) 42.30 36.78 23.17 19.40 7.00

δ (MPa1/2) 47.81 42.42 29.74 26.52 17.70

α 1.17 1.14 0.96 0.83 0.08

β 0.18 0.23 0.54 0.77 0.48

π∗ 1.09 1.04 0.75 0.54 0.71

with high hydrogen-bonding parameters. This implies
that polar protic solvents (e.g., water) can induce granule
swelling, whereas polar aprotic solvents (e.g., acetone) do
not. Consequently, the type of solvent affects the effective
volume of the slurry. As the solvent evaporates, the layer con-
tracts significantly more with water than with acetone, lead-
ing to different levels of cohesive energy buildup and varia-
tions in the crack area. The cohesive energy density can be
estimated from the ratio of the energy of vaporization and the
molar volume of the solvent through the the Hildebrand solu-
bility parameter,δ [54]. Since the solute (cornstarch) was the
same in our experiments, we focus on the solvents to assess
the influence of cohesive energy in the slurries. This param-
eter can be decomposed into three main contributions:

δ2 = δ2
D + δ2

P + δ2
H , (2)

where δD, δP and δH are the Hansen parameters (HSP)
associated with (atomic) dispersion, (molecular) polar and
(molecular) hydrogen bonding interactions, respectively
[54]. The Kamlet-Taft parameters (KTP) also provide ad-
ditional insight into swelling by describing the hydrogen-
bond donor (α), hydrogen-bond acceptor (β), and dipolar-
ity/polarizability (π∗) of solvents [55]. These parameters are
shown in Table II for the different pure liquids and binary
mixtures analyzed in our experiments.

A higher Hildebrand solubility parameter leads to greater
cohesive energy buildup by intensifying the constrained
shrinkage of the slurry during the drying process, suggest-
ing that higher values ofδ can lead to a higher fracture den-
sity (i.e., smaller cells) and more prominent crack openings,
which release accumulated cohesive energy. Indeed, Fig. 9a)
shows that the crack area increases nearly lineraly withδ,
and, due to the presence of hydroxyl (OH) groups in starch,
theδH value of the solvents is clearly the parameter that ex-
erts the greatest contribution [Fig. 9b)]. Additionally, Fig. 9c)
shows thatAcr also increases with the solvent ability to do-
nate hydrogen bonds, given byα. The fact that acetone is
not properly described by the same trend is because this sol-
vent leaks of hydroxil groups and cannot donate a proton in
a solvent-to-solute hydrogen bond [55]. The marked depen-
dence ofAcr on the atomic/molecular interactions helps to
understand why this geometric parameter is so relevant for
solvent classification.

7. Estimating physicochemical properties
from fracture patterns

The connection between geometric pattern features and
microscopic-level interactions discussed in the previous sec-
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TABLE III. Classification of physicochemical properties using the four-feature set(λ, AN , PN , AcrN ) andN = 60 neurons. Eight hidden
layers are used to estimate the six-property set(σ, ρ, η, δD, δP , δH), while five hidden layers are used to estimate the three-property set
(α, β, π∗). (0.00 denotes an error< 0.005.)

Property / Liquid Water 80/20% 20/80% Ethanol Acetone

σ (mN/m) 68.16± 11.06 41.15± 9.96 24.26± 1.99 21.85± 0.17 22.99± 0.21

ρ (g/cm3) 0.9938± 0.0113 0.9680± 0.0126 0.8410± 0.0202 0.7858± 0.0014 0.7843± 0.0006

η (mPa·s) 0.9970± 0.2890 1.6913± 0.2675 1.7008± 0.2119 1.0897± 0.0254 0.3087± 0.0155

δD (MPa1/2) 15.52± 0.10 15.56± 0.06 15.71± 0.16 15.79± 0.06 12.51± 0.05

δP (MPa1/2) 15.77± 0.56 14.40± 0.62 10.03± 0.45 8.81± 0.04 10.40± 0.04

δH (MPa1/2) 41.72± 1.85 37.14± 2.01 23.20± 1.63 19.39± 0.26 7.04± 0.16

α 1.17± 0.02 1.14± 0.02 0.95± 0.07 0.83± 0.01 0.08± 0.01

β 0.19± 0.03 0.23± 0.03 0.54± 0.07 0.77± 0.00 0.48± 0.00

π∗ 1.08± 0.02 1.04± 0.03 0.75± 0.07 0.54± 0.00 0.71± 0.00

tion suggests that the proposed Deep learning protocol not
only classifies patterns, but is also indirectly detecting the
mechanical consequences of solute-solvent chemical affin-
ity. Let us now describe a possible application of our study,
specifically, an estimation of the physicochemical properties
of solvents based on the morphological features of the final
fracture patterns.

To reach this goal, the physicochemical properties are de-
fined as output variables(P1, . . . , P9), while a linear transfer
functionyi = xi is used as the activation function in the out-
put layer to obtain free parameter values. Subsequently, the
neural network is trained applying the Levenberg-Marquardt
(LM) backpropagation algorithm using the data of Tables I
and II, to iteratively adjusts weights and biases to minimize
errors. Data adquisition and network architecture remain un-
changed. First, we trained the neural network using all the
data set. After an implicit classification using a 5-fold cross-
validation (80% training, 20% test), we obtained the data
shown in Table III. In line with the traditional classification
(described in Secs. 5 and 6), the largest deviations are ob-

TABLE IV. Estimation of physicochemical properties of binary sol-
vents based on the analysis of patterns obtained with single sol-
vents, using the four-feature set(λ, AN , PN , AcrN ) andN = 60
neurons. Two hidden layers are used to estimate each three-
property set:(σ, ρ, η), (δD, δP , δH) and(α, β, π∗), respectively.

Property / Liquid 80/20% 20/80%

σ (mN/m) 69.67± 4.23 32.90± 11.67

ρ (g/cm3) 0.9822± 0.0161 0.8347± 0.0342

η (mPa·s) 0.8576± 0.0673 0.9482± 0.1648

δD (MPa1/2) 15.42± 0.41 15.38± 0.60

δP (MPa1/2) 15.65± 0.56 10.53± 1.19

δH (MPa1/2) 40.49± 2.4 22.69± 6.51

α 1.12± 0.12 0.82± 0.22

β 0.20± 0.04 0.61± 0.10

π∗ 1.05± 0.04 0.68± 0.12

served for water and the 80/20% water/ethanol. Neverthe-
less, most estimates have low error, typically below 2%. This
indicates that the association of images of the fracture pat-
terns with the physicochemical parameters is possible. After
such corroboration, we estimated the physicochemical prop-
erties for binary solvents using the model trained exclusively
with single solvents. The results are shown in Table IV. Al-
though the model is not so accurate in determining some
macroscopic properties, the microscopic properties of two-
component solvents, as the Hansen and Kamlet-Taft parame-
ters, can be estimated within a reasonable error (< 15%).

8. Conclusions

We developed a protocol that integrates image analysis,
statistics, and Deep learning techniques to classify fracture
patterns of cornstarch with five different solvents, specifically
focused on improving the accuracy in determining the solvent
used in a desiccation process. First, the fracture patterns were
characterized based on morphological features. Then, fre-
quency histograms were generated from a normalized dataset
and used to train a large number of MLP neural network vari-
ants. Our results show that: (1) classification accuracy im-
proves when the number of neurons decreases progressively
across hidden layers; (2) crack area is the most informative
feature for solvent identification; and (3) accuracy is further
enhanced when this parameter is combined with additional
morphological features. To balance performance and compu-
tational efficiency, the four-feature set(λ,AN , PN , AcrN ) is
recommended, achieving an average accuracy of96(±1)% in
identifying the solvent in starch-liquid desiccation processes.
These findings suggest that existing classification approaches
across science, engineering, and medicine, often based on
single parameters, could benefit from adopting similar pro-
tocols to determine optimal feature sets. Finally, we provide
a microscopic perspective in which a linear dependence of
the crack Area on the cohesive energy of hydrogen bonds of
the solvent and on its ability to donate hydrogen bonds was
found. Based on that, we propose that the physicochem-

Rev. Mex. Fis.72061701



DEEP LEARNING BASED IDENTIFICATION OF SOLVENTS FROM POST-DESICCATION PATTERNS 11

ical properties of two-component solvents can be estimated
indirectly using a model trained on patterns obtained from
individual components.

Appendix

A. Origin of model confusion

As discussed in Sec. 6, most of individual features lead to less
accurate results in the classification than a set of features, but
in some cases, in particularAcr, a single parameter can per-
form better than most of features sets. This can be explained
by analyzing the confusion matrices, which hide information
about fracture pattern morphology and solute-solvent physic-
ochemical interactions. The discriminative capacity of the
model depends on morphological characteristics (see Fig. 7),
but this is compromised when all solvents are included. Fur-
thermore, the model accuracy is evaluated using confusion
matrices for each feature. Figure 10 shows the histograms
and confusion matrices for three features, sorted from the
lowest accuracy (corresponding to ordering) to the highest
accuracy (corresponding to crack area). A visual inspection
of the input data suggests that the main reason for low ac-
curacy is the overlap between frequency histograms, while
well differentiated histograms lead to high accuracy. Never-
theless, the discriminative capacity of the model is compro-

FIGURE 10. Frequency histograms and corresponding confusion
Matrices for ordering(ψ6), area(AN ) and crack area(AcrN ). Cor-
responding solvents are: (a) water–, (b) ethanol–, (c) acetone–,
(d) 80/20% water/ethanol– and (e) 20/80% water/ethanol–. Same
labels are used in the matrices to indicate the real and predicted sol-
vent in rows and columns, respectively. In a confusion matrix, the
colored diagonal shows the correct predictions, while elements out
of the diagonal indicate the percentage of error in the classification
between pairs of classes.

FIGURE 11. Correlation of the model confusionK∗ and the metric
M given by Eqs. (A.1) for ψ6 (red),AN (blue), andAcrN (green)
using the values of the physicochemical properties given in Table II.
Upper labels indicate the corresponding class pairs.

mised in the case of well-defined class pairs: (a/d, b/e, c/e).
For all other class pairs, the error is less than 4%, regard-
less of the overlap in the input data. For instance, (c/a) has 0
% error for these three features despite the histograms over-
lap. This implies that the accuracy of the model depends not
only on the morphology of the fracture patterns, but also on
the solute-solvent physicochemical interactions. These inter-
actions play an important role in classification, even though
they are not explicitly included in the model. Since the so-
lute (cornstarch) was the same in our experiments, it can be
concluded that the model’s accuracy also depends on the sim-
ilarity of the physicochemical properties of the solvents. For
this reason, we propose a distance metricM based on the
physicochemical properties of solvent pairs to explain which
pairs of classes compromise the model’s overall accuracy, in
order to map the physicochemical space of the solvents to the
space of the confusion matrix.

In this context,M was defined as:

M(i, j) =
9∑

k=1

ωk · dk(i, j), (A.1a)

where

dk(i, j) =
|Pk(i)− Pk(j)|

max
p,q

|Pk(p)− Pk(q)| , (A.1b)

and

1 =
9∑

k=1

ωk. (A.1c)

Here, P denotes the physicochemical properties of Ta-
bles I and II,i andj denote different solvents, andωk ≥ 0 are
the weights for each physicochemical propertyk = 1, . . . , 9
(σ, ρ, η, δD, δP , δH , α, β, π∗).

The model confusion is defined asK∗(i, j) = K(i, j) +
K(j, i), whereK(i, j) represents the percentage error be-
tween class pairs in the confusion matrix. In this context,
the aim is to establish an inverse correlation whereby, as
M → 0, there is a high confusion(K∗ → 100%), and
as M → 1, there is low confusion(K∗ → 0%). Thus,
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we look for the combination of weights such that the Spear-
man’s correlation coefficientrs (which determines the de-
gree to which two variables are monotonically related) tends
to (-1) [57,58]. The combination that most faithfully repro-
duces the descending order of the model confusion is given
by (wδH

, wα, wπ∗) = (0.20, 0.20, 0.60), with the remain-
ing weights equal to zero. Using these values, we compute
M(i, j) using Eqs. (A.1), andK∗(i, j) using the percent-
ages indicated in the confusion matrices of Fig. 10. Figure
11 showsK∗(i, j) vs M(i, j). Indeed,K∗(i, j) decreases
as M increases, and it allows to determine the most rele-
vant cases in which the model’s discriminatory capacity is
compromised (mainly for a/d, b/e and c/e), as discussed pre-
viously. Additionally, K∗ andM follow strong (negative)
correlation forψ6 andAN (corresponding tors = −0.9879
and−0.9030, respectively), whileAcrN shows moderate cor-
relation (rs = −0.4536). These results indicate that the
neural network successfully encodes relationships between
the physicochemical parameters based on the frequency his-

tograms. Therefore, the microscopic properties play a more
relevant role for a correct classification than macroscopic
ones. If the microscopic properties considered in this study
are very similar, the confusion will be high, independently
of how close the macroscopic properties are. For instance,
ethanol and acetone have very similar values ofσ andρ (see
Table I) but dissimilar values ofδH andα (see Table II) and
the corresponding confusionK∗ is very low (see class pair
b/c in Fig. 11). Consequently, the model accuracy depends on
solute-solvent molecular interactions associated to the ability
of forming hydrogen bonds and effective polarity.
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