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Abstract
Solar stills have attracted increasing attention in recent years due to their sim-
ple structure and environmentally friendly capabilities. In this study, a mature
machine learning algorithm—random forest—is utilized to obtain the weighted
values of environmental factors on evaporation efficiency. To examine the ad-
vancement of random forest over mathematical data analysis, we employed two
traditional data science methods—pair plot method and Pearson correlation anal-
ysis—for comparison. The experimental data used in the analysis were derived
from approximately 100 articles since 2014. The results indicate that thermal
design is the most important factor for achieving high-efficiency solar evapora-
tion. This will facilitate research on the evaporation efficiency of solar stills.

Full Text
Preamble
Weighted Values of Solar Evaporation’s Environmental Factors Ob-
tained by Machine Learning

YunpengWang a,b, #, Guilong Peng a,b, #, SwellamW. Sharshir b,c, AbdAllah
W. Kandeal a,b, Nuo Yang a,b *

a State Key Laboratory of Coal Combustion, and b School of Energy and Power
Engineering, Huazhong University of Science and Technology, Wuhan 430074,
China
c Mechanical Engineering Department, Faculty of Engineering, Kafrelsheikh
University, Kafrelsheikh 33516, Egypt

chinarxiv.org/items/chinaxiv-202009.00051 Machine Translation

https://chinarxiv.org/items/chinaxiv-202009.00051
https://chinarxiv.org/items/chinaxiv-202009.00051


YW and GP contributed equally to this work.
*Corresponding authors: NY (nuo@hust.edu.cn)

Abstract
Enhancing the efficiency of solar evaporation is crucial for solar still performance.
In this study, we obtain the weighted values of environmental factors (descrip-
tors) affecting solar evaporation efficiency using a machine learning algorithm
—random forest. To verify the advantages of random forest over traditional
mathematical data analysis, we conduct two conventional methods for com-
parison: pairwise plots and Pearson correlation analysis. Experimental data
were compiled from approximately 100 articles published since 2014. The re-
sults demonstrate that traditional methods fail to produce reasonable weighted
values, whereas random forest proves competent for this task. We find that
thermal design is the most significant descriptor for achieving high efficiency.
The primary challenge for more in-depth and comprehensive analysis is the lack
of complete datasets. This work may advance research in solar evaporation and
solar stills.

Keywords: Solar still; Solar evaporation; Machine learning; Environmental
factors

1. Introduction
With population growth and the development of industrial and agricultural
activities, the shortage of freshwater resources is becoming one of the most
catastrophic problems facing the world. Given that seawater accounts for 97%
of the planet’s water resources, developing technologies for seawater desalination
is essential. Many effective desalination methods have been proposed in the past,
such as multistage flashing, reverse osmosis, multi-effect distillation, and vapor
compression. Compared to other methods, solar stills have attracted increasing
interest due to their eco-friendly nature, simple construction and maintenance,
low installation cost, and long operational life. Solar evaporation is one of the
crucial processes in solar stills. Consequently, over the past decades, many
methods have been proposed to achieve high solar evaporation efficiency, such
as using nanofluids, cotton cloth, sponge, and charcoal.

However, evaporation efficiency is affected by numerous factors, including ma-
terial type, thermal design, ambient temperature, solar intensity, and others.
Therefore, it is important to determine the importance or weighting of these
different factors. While several important factors can be identified empirically,
quantifying the importance of each descriptor is difficult, and few studies in the
solar evaporation field have addressed this issue. On the other hand, quantita-
tive analysis of descriptor importance is a widespread scientific challenge. In
chemistry, for example, machine learning technology has been used to measure
descriptor importance for polymer chain angles—random forest, for instance. It
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has been found that machine learning can accurately measure the relationship
between different factors (descriptors) and their influence on target values, rep-
resenting a meaningful first step toward high-throughput screening of polymer
chemistry to identify compositions with desirable bulk properties.

In the current study, we use and compare three methods for obtaining the
weighted values of each descriptor in solar evaporation: two traditional data
science methods—pairwise plots (PWP) and Pearson correlation analysis (PCA)
—and a machine learning algorithm, random forest (RF). The weighted values
are also called descriptor importance. First, the traditional data science meth-
ods are employed. Pairwise plots and Pearson correlation analysis are used
to measure correlations between descriptor pairs. Then, random forest is con-
ducted to measure the importance between evaporation efficiency and descrip-
tors. The resulting descriptor importance can eventually help scientists design
high-efficiency solar evaporation systems.

2. Methodology
The main flowchart of the current study is shown in Fig. 1 [Figure 1: see
original paper]. Experimental data used in the analysis were collected from ap-
proximately 100 articles published since 2014 (details in Supporting Materials).

For the collected dataset, M = {X, y}1:t, where y is the objective value (energy
efficiency of evaporation) and X represents the input descriptors corresponding
to y, such as solar intensity, thermal design, surface diameter, absorptivity, Tamb
(ambient temperature), and Tinterface (interface temperature). Due to the lack
of details in the original articles, some data for surface diameter, absorptivity,
Tamb, and Tinterface are missing. The Mean Completer method is used to
fill missing data. Each descriptor is divided into three labels. The detailed
distribution of dataset M is listed in Table 1 .

Three methods are investigated in this work: pairwise plots (PWP), Pearson
correlation analysis (PCA), and the machine learning algorithm random forest
(RF). The application of these three methods can be summarized as follows:

2.1 Pearson Correlation Analysis

PCA is typically adopted to quantify the correlation between two different de-
scriptors. For descriptors �1 and �2 in M, such as solar intensity and solar
absorptivity, PCA can be calculated as Eq.1:

PCA = ∑(𝑋1 − 𝑋̄1)(𝑋2 − 𝑋̄2)
[∑(𝑋1 − 𝑋̄1)2 ∑(𝑋2 − 𝑋̄2)2]1/2

The PCA values are dimensionless and range from -1 to 1. The closer the value
is to 1 or -1, the stronger the correlation between the two descriptors. A value
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of 0 suggests no correlation. If the value is positive, a positive correlation exists;
otherwise, a negative correlation exists.

2.2 Pairwise Plots

Pairwise plots can intuitively draw scatterplots for descriptor correlations and
histograms for univariate distributions. As presented in Fig. 3 [Figure 3: see
original paper], the subfigures on the diagonal represent the data distribution
trend of a particular descriptor. The other subfigures help us visibly and quali-
tatively observe the relationship between each pair of descriptors. If a rising or
falling trend forms on the diagonal, the corresponding pair of descriptors has a
strong correlation. Otherwise, the two descriptors are not correlated.

2.3 Random Forest

Random forest is a typical ensemble method that combines multiple decision
trees into one model to improve performance. It is widely applied in many
scientific and engineering fields, such as statistics, materials science, and biology.
The main steps of RF, shown in Fig. 2 [Figure 2: see original paper], can be
expressed as follows:

(1) Data Preprocessing
In the present study, data representation is performed to convert data into
symbols that can be read by computers. For instance, three types of thermal
design—3D interface, 2D/1D interface, and volumetric—are represented as 0, 1,
and 2 (details in Table 1). Finally, the dataset is divided into training set TA
and test set TE according to a certain ratio.

(2) Model Construction
Based on the processed dataset TA, the bootstrap resampling method is used
to randomly generate K sets of data. Then, K decision trees are grown. For
example, in calculating Fig. 5a [Figure 5: see original paper], each dataset
includes three descriptors (thermal design, absorptivity, and random descriptor)
and the label (efficiency). In each node of a decision tree, the node splits the
dataset into two parts according to the value of a chosen descriptor. After
traversing all descriptors, the final node will be the label (efficiency) of this
data. The model’s prediction is voted by K decision trees.

(3) Model Validation
The test dataset TE, which was not used in model construction, is employed to
judge the model’s accuracy. If the accuracy of TA is much higher than that
of TE (e.g., 0.9 for TA and 0.5 for TE), the model is considered overfitting. If
the accuracies of both TE and TA are too low (e.g., 0.5 for TA and 0.5 for
TE), the model is considered underfitting. Both overfitting and underfitting
are unacceptable, and the model needs to be retrained in such cases. If the
accuracies of TA and TE are high enough and the accuracy of TE is similar to
that of TA, the model is considered well-trained.
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3. Results and Discussion
As a starting point, two traditional data science methods—pairwise plots and
Pearson correlation analysis—are performed to find the weighted values (i.e., de-
scriptor importance). The results are displayed in Fig. 3 and Fig. 4 [Figure 4:
see original paper]. In addition to mathematical data analysis, well-established
machine learning algorithms are used to extract the relationship between de-
scriptors and the target property in materials informatics. Subsequently, Fig. 5
shows the results calculated by the machine learning algorithm, random forest.

3.1 Results of Traditional Data Analysis

Fig. 3 shows the pairwise plots between different descriptors (environmental
descriptors) and solar evaporation efficiency. As can be seen from the top row
of plots in Fig. 3, there is no obvious linear relation between efficiency and
other descriptors. Moreover, it is clear that the dataset is discrete and not
evenly distributed. Most solar intensity data is around 1 kW, and the thermal
design is set as discrete numbers. Since PWP is a method that focuses on the
pure mathematical mapping in the dataset, it is reasonable that PWP cannot
measure descriptor importance based on a defective dataset.

The PCA values are displayed in Fig. 4 [Figure 4: see original paper]. As can be
seen from all investigated descriptors, all absolute descriptor values are below
0.3, which means all descriptors have weak correlation with efficiency. Therefore,
similar to PWP, it is unlikely to draw reasonable results of descriptor importance
based on the PCA values.

3.2 Results of Machine Learning Algorithms

Figs. 5a-5d show the descriptor importance quantified by RF using 2, 3, 4, and
6 selected descriptors, respectively. The results indicate that thermal design is
the most important descriptor in solar evaporation among all chosen descriptors.
The importance of thermal design is at least two times higher than that of
other descriptors. This result shows that optimizing the heat transfer process in
solar evaporation systems is essential for enhancing solar evaporation efficiency.
This finding is reasonable because when thermal design is poor, only a small
portion of solar energy is used for evaporation. For example, in traditional solar
evaporation, some heat is used for heating bulk water instead of promoting
evaporation. Therefore, the efficiency of solar evaporation in volumetric systems
is lower than that in interface systems.

Besides, Fig. 5 shows that solar intensity is an unimportant descriptor. This
is because, with optimized thermal and material design, high efficiency can be
obtained regardless of high or low solar intensity, as reported in many works.
Therefore, solar intensity is not important and is similar to a random descriptor.
Herein, the random descriptor is a set of random data that has no relationship
to energy efficiency and is used as a benchmark.
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Meanwhile, the descriptor importance of solar absorptivity is much lower than
expected, as shown in Fig. 5. Higher absorptivity enables more available en-
ergy for evaporation and should significantly affect efficiency. The reason may
be that almost all reported works selected materials with very high absorptivity
(>90%), which prevents the dataset from achieving ergodicity. Hence, its impor-
tance is underestimated in the calculation. Besides, the ambient temperature
(Tamb) and evaporation interface temperature (Tinterface) are insignificant,
which might be due to the small differences in Tamb and Tinterface between
most works. However, temperature is actually a very important descriptor in
natural convection-based evaporation processes. Therefore, to capture the real
importance of temperature, more work should be conducted at different ambient
and interface temperatures.

It can be concluded that more accurate calculations by machine learning re-
quire more complete data. Compared to other fields such as materials science,
which have complete databases of physical properties and theoretical calculation
methods, the current study faces the hard problem of insufficient reported data
because authors do not provide exact values for some descriptors. For exam-
ple, values for ambient temperature, evaporation surface diameter, absorptivity,
and evaporation interface temperature are missing in some papers. Therefore,
to obtain more accurate machine learning results, authors should provide com-
plete datasets of experimental descriptors in their future works. On the other
hand, some other potentially important descriptors on material design, such as
thermal conductivity, contact angle, specific area, porosity, characteristic size,
functional groups, and so forth, are not included and calculated by RF at the
current stage because detailed material properties are not provided in most pa-
pers. It is worth noting that a full dataset of descriptors in research reports will
help push the field forward.

3.3 Effect of Dataset Size

As mentioned in other research, the quality of the dataset determines the relia-
bility of machine learning algorithms. To avoid overfitting and further quantify
the effect of dataset size in the current study, the initial dataset was separated
into three combinations of train/test sets: 70%/30%, 80%/20%, and 90%/10%,
respectively. The results are summarized in Fig. 6 [Figure 6: see original paper].
As can be seen, with the decrease of the test set, there is no obvious difference
between different models. Thermal design is the most important descriptor in all
cases. Absorptivity is the second most important descriptor. Other descriptors
are not important and are similar to a random descriptor. This demonstrates
that the result of descriptor importance depends on the physical mechanism
rather than the dataset, indicating that the current dataset is able to achieve a
convergent solution.
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4. Conclusion
In conclusion, the importance of factors affecting solar evaporation efficiency is
analyzed using pairwise plots, Pearson correlation analysis, and random forest.
Experimental data used in the analysis were collected from approximately 100
articles. The results indicate that pairwise plots and Pearson correlation analy-
sis cannot measure descriptor importance based on defective datasets. In con-
trast, random forest can obtain reasonable results. The random forest results
show that thermal design is the most important descriptor determining solar
evaporation efficiency. It can be concluded that machine learning is helpful for
quantitatively understanding the importance of various descriptors, which will
help advance the solar still field.

Although machine learning obtained meaningful results, it should be emphasized
that due to limitations in the amount and quality of experimental data in pub-
lished articles, the current analysis provides more qualitative than quantitative
results. It is expected that authors can provide more detailed data and stan-
dardized descriptors in future publications. This will promote the application
of machine learning in solar still research.
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