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Prediction of Carbon Dioxide Adsorption via Deep Learning 
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Abstract: Porous carbons with different textural properties exhibit 
great differences in CO2 adsorption capacity. It is generally known that 
narrow micropores contribute to higher CO2 adsorption capacity. 
However, it is still unclear what role each variable in the textural 
properties plays in CO2 adsorption. In this work, a deep neural 
network is trained as a generative model to direct the relationship 
between CO2 adsorption of porous carbons and corresponding 
textural properties. The trained neural network is further employed as 
an implicit model to estimate its ability to predict the CO2 adsorption 
capacity of unknown porous carbons. Interestingly, the practical CO2 
adsorption amounts are in good agreement with predicted values 
using surface area, micropore and mesopore volumes as the input 
values simultaneously. This unprecedented deep learning neural 
network (DNN) approach exhibits great potential to predict gas 
adsorption and guide the development of next-generation carbons. 

The CO2 concentration in the atmosphere has gone up rapidly in 
recent years, which causes great concern regarding the 
environment.[1] Many efforts have been devoted to efficient CO2 
capture and storage, the main technologies for which are 
cryogenic and membrane separation, as well as chemical and 
physical adsorption.[2] Among these, adsorption technologies are 
now considered the most promising method because of their 
controllability, simplicity, low cost, low energy demand, high 
adsorption capacity, and other qualities.[3] Recently, the 
development of porous materials for CO2 adsorption—such as 
zeolites,[4a,4b] mesoporous silica,[4c]  microporous organic 
polymers,[4d] metal-organic frameworks,[4e] covalent-organic 
frameworks[4f] and porous carbons[4g,4h] —has attracted much 
attention. To date, carbon-based materials are one of the most 
promising adsorbents for CO2 capture because of their low cost, 
fast adsorption-desorption kinetics, large surface area and pore 
volume, as well as easy-to-design pore structure.[2a,5] 

Porous carbon materials can be synthesized using various 
methods, and the obtained surface parameters such as surface 
area (SBET), mesopore volume (Vmeso), micropore volume (Vmicro), 
and so on vary greatly.[5a,6] To improve CO2 uptake, much 
research effort has been dedicated to designing a porous carbon 
material with high SBET and pore volume.[1b,2b,6a,7]. The KOH 
activation and template-assisted methods are considered as the 
most efficient approaches.[8] For example, Xia et al. used zeolite 

as a template to enhance the surface area and pore volume of 
microporous carbon-based materials to obtain high CO2 
adsorption (28.3 mmol g−1) at 25 °C.[9] Nowadays, it is widely 
accepted that narrow micropores are the major factor in CO2 
adsorption[5c]; however, the detailed relationship between pore 
structure and CO2 adsorption remains unclear. This deficiency in 
strucure-property relationships hampers the development of next-
generation carbon adsorbents and advanced gas adsorbents in 
general. 

There are many phenomelogical attempts to fill this knowledge 
gap. Notably, the Interesting recent work by Clark, North, and co-
workers has shown the CO2 adsorption capacity is surprisingly 
affected by Vmeso through the nonlinear product term of Vmicro and 
Vmeso shown in Eq. (1):[3] They proved CO2 physisorption to be the 

[3]

predominant adsorption mechanism.[3] A partial least squares 
regression approach was used to predict CO2 adsorption, as 
shown in Eq. (1).[3] Although this regression equation is capable 
of making a reasonable fitting, it is difficult to obtain an ideal 
empirical formula according to the regression polynomials method. 
Moreover, this equation is linear and lacks the ability to learn and 
improve as the database grows.[10] More important, ordered 
mesoporous carbon without micropores should have almost no 
ability to adsorb CO2 according to Eq. (1), which is unreasonable 
in some cases. 

Machine learning using algorithms allows computers to identify 
the relationship among different variables to provide underlying 
instructions even for nonlinear interpolations.[11] Artificial neural 
networks (NNs) as a type of machine learning algorithm can 
achieve optimized results by adjusting the synapse weights.[12] 

Neurons arranged in each layer need to be connected together 
into an NN.[12b] Among these, deep neural networks (DNNs) with 
more than one hidden layer have been proved to surpass state-
of-the-art models in a diversity of applications.[13] Although the 
application of deep learning to chemistry-relevant problems 
remains in its infancy, the situation has been changing quickly.[13, 

14] To date, the correlation between the textural parameters of
porous carbons and the corresponding CO2 adsorption capacity
has been widely discussed; however, little research has been able
to make suitable predictions using known textural parameters of
porous carbons.[7]

Herein, we describe three NNs trained with 12 known data 
points reported from Clark, North, and co-workers in Table S1 
using Vmicro, Vmicro-Vmeso and Vmicro-Vmeso-SBET as the input neurons 
respectively.[3] Then, the NNs with an implicit relationship between 
the textural properties and CO2 adsorption is employed to predict 
the possible CO2 adsorption capacities of six porous carbons 
synthesized in our lab. To make the predictions more widely 
useful, we screen 500 CO2 adsorption data of porous carbons at 
different adsorption conditions and train a DNN with two hidden 
layers using the adsorption conditions (temperature and 
pressure) and textural properties as the training set. The deep 
learning method was capable of automatically predicting the CO2 
adsorption capacity of 20 randomly untrained porous carbons 
regardless of their synthesis method, porous carbon raw 
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materials, or specific structure. This unprecedented DNN 
approach exhibits great potential to predict the gas adsorption 
capacities of porous materials using their textural properties, as 
shown in Scheme 1. 

 

Scheme 1. The prediction of CO2 adsorption of porous carbon. 

The Brunauer-Emmett-Teller surface area (SBET), Vmicro, and 
Vmeso of different porous carbon materials synthesized in our lab 
are summarized in Table 1. MC-450, MC-600, and MC-850 
synthesized using an enhanced hydrogen-bonding interaction 
method[15] (mesoporous carbons with pyrolysis temperatures of 
450, 600, and 850 °C, respectively) were chosen as the predicted 
samples. All as-synthesized mesoporous carbons had total pore 
volumes of over 0.5 cm3 g-1 with a very low micropore volume, 
indicating they were predominantly mesoporous materials. The N2 
adsorption-desorption isotherms in Figure 1a also exhibit a type 
IV isotherm with remarkable hysteresis loops at P/P0 = 0.6-0.8, 
suggesting the existence of uniform mesoporosity. Additionally, 
the SBET and total pore volume of the mesoporous carbons 
increased as the pyrolysis temperature increased, as shown in 
Table 1.  

 
Table 1. The textural properties of different porous carbons 

Samples SBET [m2 g-1] Vtotal [cm3 g-1] Vmicro [cm3 
g-1] 

Vmeso 
[cm3 g-1] 

MC-450 346 0.51 0.05 0.46 

MC-600 390 0.60 0.05 0.55 

MC-850 451 0.67 0.06 0.61 

AC Darco 625 0.57 0.14 0.43 

AC Charcoal 1327 0.61 0.35 0.26 

Vulcan XC605 55 0.16 0 0.16 

 
To make the predication scope more extensive, a commercial 

activated carbon, Darco (AC Darco), activated cocoanut charcoal 
(AC charcoal), and Vulcan XC605 were selected as another three 
predicted samples. The SBET of AC Darco in Table 1 was 625 m2 
g-1 with Vmicro of 0.1 cm3 g-1 and Vmeso of 0.46 cm3 g-1. The N2 
adsorption-desorption isotherms of AC Darco exhibited a plateau 
starting at a very low relative pressure and typical IV isotherm with 
a remarkable hysteresis loop, indicating a hierarchical porous 

structure. In comparison, AC charcoal showed a typical I isotherm 
with a highest surface area of 1327 m2 g-1 in Table 1 and Figure 
1, suggesting it was predominantly microporous. Vulcan XC605 
as a meooporous material exhibited the lowest surface area, 55 
m2 g-1, with almost no micropore volume. 

 

Figure 1. N2 adsorption-desorption isotherms at 77 K of predicted porous 
carbons. 

The research from Clark, North, and co-workers indicated the 
Vmicro and Vmeso values were the influencing factor for CO2 
adsorption, as seen in Eq. (1).[3] Other research found that high 
surface area and narrow micropores in porous carbons 
contributed to higher CO2 adsorption.[5] To clarify the role of SBET, 
Vmicro, and Vmeso, different variables were chosen as neurons, 
imported to the input layer, and passed in an orderly manner into 
the hidden layers and output layer. The information obtained from 
the NN was finally stored and transferred via a feed-forward 
process to predict the CO2 adsorption of six porous carbon 
materials in our lab. Figure 2 exhibts a typical architecture of an 
NN; an NN with more than one hidden layer was considered a 
DNN. Each line between two nodes represents a weight, and the 
input-output relation can be simulated by changing these weights. 
To determine each weight, the NN was trained as countless by 
comparing the experimental and calculated output values and 
then adjusting the weights for every node to decrease the error. 

 

Figure 2. The typical architecture of a neural network. 

The 12 porous carbon data points in Table S1 reported from 
Clark, North, and co-workers were chosen as the training 
objectives to obtain a correlation between CO2 adsorption and 
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textural properties.[3] The CO2 adsorption properties of six 
predicted samples in Table 1 were measured at the same 
experimental conditions with 12 training objectives. The samples 
were dried and subjected to four cycles of pressurization to 5 bar 
with CO2 for 0.5 h and then to vacuum at 25 °C until the mass did 
not change. The mass change between the pressurization and 
vacuum processes was employed to determine the CO2 
adsorption capacity (mmol CO2 adsorbed per gram sample). The 
average data obtained from four cycles are shown in Figure 3a. 
The experimental values of MC-400, MC-600, MC-850, AC Darco, 
AC charcoal, and Vulcan XC605 were 1.36, 2.02, 2.25, 2.79, 5.46, 
and 0.32 mmol/g, respectively. The first NN (NN-1)—consisting of 
one hidden layer, one input (Vmicro), and one output (CO2 
adsorption)—was established. Figure 3b exhibits the correlation 
plot for the 12 training objectives using Vmicro as the only input 
value. The experimental and predicted data of 12 training 
objectives (12 black dots) were fitted, and the obtained NN-1 was 
further used to predict the CO2 adsorption of the six tested 
samples using Vmicro as the input value.  

However, the experimental and predicted data from NN-1 
showed significant discrepancy (six blue dots in Figure 3b), 
especially for the Vulcan XC605 Caot, AC Darco and AC charcoal 
samples. As a result, the obtained NN-1 could not be used as an 
ideal model for predicting the CO2 adsorption capacities of porous 
carbon materials. These results indicated that Vmicro in porous 
carbons is not the only determinant of CO2 adsorption. Thereafter, 
the input layer with two neurons (Vmicro, Vmeso) was used to 
establish the second NN (NN-2). The optimized results in Figure 
3c suggest that NN-2 exhibited better prediction behavior than 
NN-1, indicating mesopores also played an important role in CO2 
adsorption. However, the predicted CO2 adsorption value of AC 
charcoal was 2.38 mmol/g, lower than the experimental value of 
5.46 mmol/g. 

 

 

Figure 3. a) CO2 adsorption data for different porous carbon samples; All data 
are the average of four measurements, and the error bars are very small. The 
correlations between CO2 adsorption data achieved from experiment and 
estimated from the b) NN-1 (Vmicro), c) NN-2 (Vmicro and Vmeso), and d) NN-3 (SBET, 
Vmicro and Vmeso). 

To clarify the reason, we carefully compared the textural 
properties and CO2 adsorption data of AC charcoal with 12 
training samples. We found that AC charcoal (0.61 cm3 g-1) had a 
similar Vtotal to that of commercial AC Norit (0.60 cm3 g-1) in Table 
S1.[3] The micropore and mesopore volumes of commercial Norit 
activated carbon are 0.42 and 0.18 cm3 g-1, respectively. The Vtotal 
of AC charcoal was slightly less, and its Vmicro was very similar to 
that of AC Norit. As a result, the CO2 adsorption values for AC 
charcoal and AC Norit obtained from Eq. (1) should be similar. 
However, the practical CO2 adsorption of AC charcoal, 5.46 
mmol/g, was much higher than the 2.0 mmol/g of AC Norit. The 
predicted result from BN-2 was 2.38 mmol/g, which was also 
much lower than the practical data (5.46 mmol/g) but similar to 
the experimental data for AC Norit. Although the pore volumes 
were similar, the SBET of AC charcoal was 1327 m2/g, much higher 
than the 798 m2/g for AC Norit. It suggested the additional CO2 
adsorption capacity of AC charcoal compared with AC Norit might 
be related to its higher surface area.  

Next, a NN with three neurons (SBET, Vmicro, and Vmeso) was used 
to train 12 objectives. Various network structures with different 
numbers of neurons and one hidden layer were examined. The 
numbers of training and testing objectives were 12 and 6 
respectively, as discussed earlier. To confirm that the designed 
NN model was suitable for predicting the CO2 adsorption capacity 
of porous carbon, the experimental and predicted results using 
this NN-3 were compared. The results are shown in Figure 3d. It 
was found that the results for the 12 training samples obtained 
from NN-3 were consistent with the experimental results (black 
dots). Thereafter, the SBET, Vmicro, and Vmeso of six tested samples 
were chosen as the input values to check the predictive ability of 
NN-3. Surprisingly, the predicted results for the six tested samples 
obtained from BPNN-3 were very close to the experimental results 
(blue dots) in Figure 3d. 

Eq. (1) proposed by Clark, North, and co-workers indicated that 
CO2 adsorption capacity is surprisingly affected by Vmeso through 
the nonlinear product term of Vmicro and Vmeso.[3]  It is undeniable 
that Eq. (1) for the first time provided a detailed correlation 
between CO2 adsorption and textural properties. However, the 
scope of application was very narrow (just for carbonaceous 
materials). For example, ordered mesoporous carbon with almost 
no micropores should have little ability to adsorb CO2, according 
to Eq. (1). However, mesoporous carbon with high CO2 
adsorption is seen in Figure 3a, suggesting Eq. (1) is not 
applicable to these kinds of porous carbon materials. Moreover, 
we used this equation to predict values for the porous carbon 
materials in our lab and discovered the predicted and 
experimental results showed a big discrepancy. 

To avoid the contingency of using a small amount of data, we 
collected about 1020 CO2 adsorption data for different porous 
carbons in Table S2 at different adsorption temperatures and 
pressures.[3,16]  All porous carbons were screened without 
heteroatom N, since N has been confirmed to have a great 
influence on the CO2 adsorption capacity. The surface area, 
micropore volume, and mesopore volume, as well as the 
adsorption temperature and pressure, were considered as five 
neurons in the input layer, as shown in Figure S1. Thereafter, we 
used a random 1000 samples as the training data to train a DNN 
with two hidden layers, and 20 data samples for cross-validation 
(prediction). Additionally, we used the leave-k-out method to 
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check our model accuracy with the random 1000 training samples. 
This approach takes k examples from the total training data set of 
1000 and uses those for predictions, then it repeats that 1000/k 
times so that you have an ensemble of test cases. Typically, it is 
most common to use k=1 and then every single case is a test and 
the average error/performance gives a statistically significant 
indication of the accuracy of the neural network model. As shown 
in Figure 4a, remarkable agreement between experimental and 
predicted values was achieved for 1000 training samples. More 
importantly, the leave-one-out results reveal that the average 
error is only 0.43 for the random 1000 training samples in Figure 
S2. Thus, a hidden correlation was discovered using a DNN to 
convert the input data (textural properties and adsorption 
conditions) to automatically discover new representations for 
output data (CO2 adsorption) for the remaining 20 samples test 
case. A very good prediction performance confirmed by Figure 4b 
indicates this DNN is suitable for the prediction of CO2 adsorption. 
We believe that the error of the neural net model for the range of 
standard experimental results is totally acceptable. 

 

 

Figure 4. a) The correlation between CO2 adsorption data achieved from 
experiment and estimated from the deep learning neural network; b) Average 
error of single sample VS training iterations of the random 1000 training 
samples; c) The correlation between CO2 uptake, micropore and mesopore 
volume at the same adsorption conditions (25 °C and 1 bar); d) The correlation 
between CO2 uptake, micropore and mesopore volume at the same adsorption 
conditions (25 °C and 5 bar) 

Figure 4c describes the correlation between CO2 adsorption 
and pore volume of porous carbons at the same adsorption 
conditions (25 °C and 1 bar) over more than 75 data points. We 
found that micropore and mesopore volume exhibited significantly 
different influences on CO2 adsorption. The results demonstrated 
that the CO2 uptake of porous carbons at ambient temperature 
and pressure conditions was mainly governed by the micropore 
volume, in good agreement with previous studies.[5] The 
mesopore volume also played an important role in CO2 uptake. 
Although no clear role of mesopores can be seen in Figure 4c, a 
small amount of mesoporosity did promote the ability of porous 
carbons to adsorb CO2. Moreover, excessive mesoporosity did 

little to promote CO2 adsorption. In comparison, mesopores play 
a more important role on CO2 adsorption under high pressure, as 
seen in Figure 4d, successfully explain why the high CO2 
adsorption at low pressure is always achieved under microporous 
carbons, and ultrahigh CO2 adsorption at high pressure can be 
obtained under hierarchical porous carbons.  

In this study, we establish three neural networks (NNs) using 
Vmicro, Vmicro-Vmeso and Vmicro-Vmeso-SBET as the input neurons 
respectively, and CO2 adsorption capacity as an output neuron. 
Thereafter, the obtained NN was developed for predicting the CO2 

adsorption capacities of six porous carbons in our lab. 
Surprisingly, a remarkable agreement between experimental and 
predicted value about CO2 adsorption capacity is achieved only 
when Vmicro, Vmeso and SBET are chosen as the input neurons 
simultaneously. More importantly, the trained DNN can make an 
accurate prediction about CO2 adsorption capacity for more than 
1000 data samples collected from the literature and our lab. The 
key insights obtained are:   Firstly, our big data investigation 
further validated the importance of Vmeso in controlling gas uptake, 
which destroys a long-held myth that Vmicro is an only parameter 
in controlling gas absorption of small molecules; Secondly, SBET 
is an independent textural parameter that can be synergistically 
coupled with other textural parameters in determining gas-solid 
interactions and thus gas-uptake capacities; Thirdly, the gas-
uptake by solid adsorbents relies on the complex interplay among 
the textural parameters with the sensitivity of each parameter that 
can be estimated.  This method paves a new path for the 
application of NNs in the prediction of the gas adsorption 
capacities of porous materials. Additionally, this technology may 
provide guidance for the development of next-generation carbon 
adsorbents and advanced gas adsorbents. 
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