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Abstract — Since the growing interest in surrogate modeling, there has been continuous research aimed at simulating
nonlinear chemical processes using data-driven machine learning. However, the opaque nature of machine learning
models, which limits their interpretability, poses a challenge for their practical application in industry. Therefore, this study
aims to analyze chemical processes using Explainable Artificial Intelligence (XAI), a concept that improves interpretability
while ensuring model accuracy. While conventional sensitivity analysis of chemical processes has been limited to calculating
and ranking the sensitivity indices of variables, we propose a methodology that utilizes XAl to not only perform global
and local sensitivity analysis, but also examine the interactions among variables to gain physical insights from the data.
For the ammonia synthesis process, which is the target process of the case study, we set the temperature of the preheater
leading to the first reactor and the split ratio of the cold shot to the three reactors as process variables. By integrating
Matlab and Aspen Plus, we obtained data on ammonia production and the maximum temperatures of the three reactors
while systematically varying the process variables. We then trained tree-based models and performed sensitivity analysis
using the SHAP technique, one of the XAI methods, on the most accurate model. The global sensitivity analysis showed
that the preheater temperature had the greatest effect, and the local sensitivity analysis provided insights for defining the
ranges of process variables to improve productivity and prevent overheating. By constructing alternative models for
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chemical processes and using XAl for sensitivity analysis, this work contributes to providing both quantitative and

qualitative feedback for process optimization.

Key words: XAl, Process analysis, Surrogate modeling, Process systems engineering
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A A R sAell SHAPO] 288 = s, 7)Ee o
S Ut BdE 7Rt g & A4 4] (techno-economic
analysis, TEA) / -4 A 3}74 5 7} (life-cycle assessment, LCAYS
k= ol AU [4], TIF RS E8-3to] 34 wigrsl 3
7HA 3zl 3t HAE 7%‘%1“4,3 olallsh= A7+ Attt

2 AFellA e dEYol A F4E Y o= A5t
tree 719+e] 7| A|SkE RS &Sk 7}
3t SHAP valueZ Alxks}o] v&xé‘ﬂ’“:“’—
oIt} A o] B u) v AHAS =
= ol 39 71E9] A7 AP —':r°1 Z1AEE ti]k 2
&8 H9E AA Y 7?*5} AFA 5= 2A-g3to] L 3
A8kt sict, o] st S 13y AbdelA vkt 7
oisk 7173 A 9 A3y Gotel gk 27 Skt 9l

= tlorslA BE o] 849 4= 9)S Ao},

o= T »= A

o] 2= HPL )
WP EeIA] A XAl
Wb, v o,

7ol o

= 4%“: < 7] Fo=z A
o] 7'} 5 3FLi_l SHAPC
2 W E oist Al ATEA AR
sfod Adrstaizl st

T

o

o] PAIH o2 4
o} 4

2-1. XAIS EE5 2t 2 Mo A=

Table 1= 7]& AT+ °ﬂ’\1 /\]”C*LQ 71A18k5 714}k surrogate model
= 483 T AT g A ATEE BA8k, 2
Aol A AT }ﬂ P JJr ] w3k Aatolrt, zk Aol ARg-E
OiF 22le] F57, uld 374, BEe #A] {7l tiste] ER3ta,
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Table 1. Lists of research papers of using machine learning based surrogate model

Paper Surrogate model

Target process

Interpretation Model agnostic ~ Analysis for relations

of model method between process variables
Jung, et al. (2023) Gaussian process Non-oxidat'ive and CO, co-feeding BTX < ) )
regression production process from shale gas
Chung, et al. (2020) DNN Amine-based CO, capture processes O X -
Chakkingal, et al. (2022) ANN Fischer-Tropsch synthesis process O O X
Our methodology XGBoost, RF Ammonia synthesis process O O O
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Fig. 1. Flow chart describing the chemical process model analysis using SHAP.
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Table 2. Lists of input parameters for ammonia synthesis process

Variables Description Range
r;  Ratio of the first bed to inlet stream 0.05<r,<0.95
Cold-shot ratio of the second bed to second
"2 bed reactant 0.05<r,<0.95
T,,  Preheating temperature of inlet stream (C) 150 < T;, <300
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interaction valueE AAFste] FEgh Y wES- 2 QIsh RES-
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r+r,<1 (6)
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My, T, 17 70 ] [EHES “}EO% < ghe] mEls 9
shoAth B Ee] F-F+ decision tree regressor (DT), random forest

>

Fig. 2. Process flow diagram of three-bed cold-shot ammonia synthesis process. Red lines mean input variables and blue lines mean output

variables.
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regressor (RF), gradient boosting regressor (GB), XGBoost regressor
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T Y el &
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Vg FHOm, T, WS RES 15237} 7 A5tk
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[= =y |

SHAP value AAF A7} my; B2l tiste] AA 02 T, 1),
1,2 M Z TS v tKFig. 4(a)). My Sh3HEH] 84
52 TR EE ASA71E 2ol $91, o] cold-shote] &

2 a2 0] §510] myr & Arhshohs Qakeh Ak ol Fujo)

32, YA QiZe

-

E

o

Table 3. Training results for tree-based machine learning models

RMSE for my;;; models RMSE for T,,, models
Training Testing Training Testing
DT 0.106 0.168 0.053 0.064
RF 0.074 0.112 0.053 0.061
GB 0.110 0.124 0.065 0.071
XGB 0.077 0.097 0.048 0.065
(a) (b)
Tin Tin
ry ry
2 P

(3)4 (b) e Train data
191 a4 Testdata

83 3 a
© ©
o T
c c
o2 o0
-~ -
L R
e 1 e
g g
o o

0 -1

0 1 2 3 4 -1 0 1

True data True data

Fig. 3. Parity plots of the best performance for the (a) ammonia
production rate using XGboost regressor and the (b) maxi-
mum temperature for three reactors using random forest
regressor.
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8 2% 1510 coldhot £IHE 5317 OE 5 e
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T, IE@E oA o' W 5 Y F
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4(f) SHAP value A4 Azlo] thalo] rﬁ} rr] ARl ko] v
o] FUshH, T, 7= widjolth, A W37 = dFsh= 7%
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o] 37 @0l BrFsshar, ARA Rkg-7] oA AujA oz o)

5o =gey] wiito|tt.
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ry -+— e
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Fig. 4. Results for global sensitivity analysis. (a) bar chart of mean absolute SHAP values for ammonia production rate model. (b) FAST indi-
ces or ammonia production rate model. (c¢) feature importance plot for ammonia production rate model. (d) bar chart of mean abso-
lute SHAP values for maximum temperature of three reactors model. (¢) FAST indices for maximum temperature of three reactors
model. (f) feature importance plot for maximum temperature of three reactors model.
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Fig. 5. Results for local sensitivity analysis. (a) myy; model feature dependence plot for SHAP interaction values of r; with T;,. (b) myy;
model feature dependence plot for SHAP interaction values of T;, with r;. (¢) my;; model feature dependence plot for SHAP interac-
tion values of r, with r,. (d) T,,, model feature dependence plot for SHAP values of T;, with r,. (e) T,,, model SHAP interaction plot
for SHAP interaction values of T;, with r;. (f) T,,, model SHAP interaction plot for SHAP interaction values of T;, with r,.
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