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Research of a Multi-Output Regression Model for Roll Gap
Prediction in Roll-to-Roll Calendering of Dry Battery Electrodes
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This study develops a multi-output regression model to predict multi-stage roll gaps in a roll-to-roll calendering
process for dry lithium-ion battery electrodes. We collected 2,912 samples from process logs measured across
Calender 1-6 and used 33 variables (line speed, roll temperature, roll pressure, and web tension) as inputs. Ten
OS/DS gaps of Calender 2-6 were predicted simultaneously using a MultiOutputRegressor, and MLR,
RandomForest, and XGBoost were compared with 5-fold cross-validation. Tree-based nonlinear models
outperformed the linear baseline, and XGBoost achieved the best accuracy with stable generalization. Gap-wise
evaluation and feature-importance analysis identified difficult sections and highlighted line speed, roll pressure,
and roll temperature as dominant factors. The proposed model can act as a virtual sensor to fill measurement
gaps and estimate the full gap profile in real time, supporting monitoring, gap-control strategy design, and
operating-condition optimization.
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Secondary Battery Electrode Manufacturing
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4. Solvent Recovery 5. Calendering 6. Winding
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Process
(Slurry-based)
Aﬂ?\{e maferial, conductive The slurry is coated onto Solvent is removed Evaporated solvent is The etec'trode .is compressed The electrode is
additive, binder, and solvent the current collector foil. in a drying oven. collected and recovered. to adjust ‘hlfkness and wound into a roll.
are mixed to form a slurry. density.
1. Dry Mixing 2. Powder Deposition 3. Compaction / Pressing 4. Calendering / Lamination 5. Winding
Process = = = @ \
(Solvent-free) ) ,
Active material, conductive The powder mixture is The der | i The el P X
powder layer is e electrode is further
additive, and dry binder deposited onto the current compacted and adhered compressed to control The Zlelctrode ';
are mixed as powders. collector foil. to the foil. thickness and density. wound into a roll.

Figure 2. Comparison of Dry and Wet Processes for Secondary Battery Electrode Manufacturing.
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Source: PNT (People and Technology Inc.
Figure 3. Dry Electrode roll-to-roll Calender Machine
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Figure 4. Key Variables in dry-electrode roll-to-roll Calender
Rolling Process.
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Figure 5. calender 1~6 rolling process
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Table 1. Dataset and preprocessing summary (Unit of GAP: pm)

Category

Item

Value

Dataset

Raw samples (N raw)

2,912

Dropped due to target missing (N drop)

Final samples (N final)

2,912

# Input features (X)
Calender1~6 SPD [m/min],
Calenderl~6 Center Temp [°C],
Calenderl~6 Edge Temp [°C],
Calenderl~6 OS Cyl. Pressure [kN],
Calenderl~6 DS Cyl. Pressure [kN],
Unwinder SPD [m/min],
Rewinder SPD [m/min],
Unwinder Tension [N/m]

33

# Target features (Y)
Calender2~6 OS GAP Sensor [um],
Calender2~6 DS GAP Sensor [um]

10

Missing values
&
scaling

X missing rate (overall / max across 33 features)

0.0% / 0.0%

X handling

Median imputation
(if missing; observed 0%)

X scaling

Standardization (z-score)

Outlier removal

Not applied

GAP mean range (across 10 targets) 151.9 - 260.0
o GAP std range (across 10 targets) 031 - 4.80
Target distribution -
GAP min-max (across 10 targets) 148.2 - 261.1
PO1-P99 range across targets (min of PO1, max of P99) 149.7 - 260.6
Validation Evaluation protocol 5-fold cross-validation

338 &9 39 Zydyg=a T3 MultiOutputRegressor= EFAE F§ &5o2 A4
o Huz, sd3 AA YL w4 S TLH(FLY G 2ol
B AT ME 34 2220 253 34 9 9HE o ge mo = drel £ oo
HgHe 45 24 g B 8 SkE(sT)H

5 25 949, AY 5)E o83t Calender 2~6 71t
OSDS GAP 10/1E FAld d3d= s =9 I
(multi-output regression) %A 2 2 &3} H T} ©]= Calender 2~6
9] OS/DS 7H=o] T4 2Rl &4 203 44 dH Y FF
< 7 wethe A, @A 52 A ghel ofyet 2
ol AA 7+= T2 Y (profile)Z FHFoh= HS W A

MultiOutputRegressor 7|8t T &8 HH(MO)<| 45|

Table 2. ST vs MO equivalence check (XGBoost, 5-fold CV)

ot} Target AR? ARMSE AMAE

s _ s : MO-ST MO-ST MO-ST

U5 29 39 73S 9] scikit-learn2] MultiOutputRegressor ( ) |« ) | C )
o o , . Calender2 DS GAP 0.00 0.00 0.00

£ -85} th(Pedregosa et al., 201 1). MultiOutputRegressor 3}

: 16 e B § Calender2 OS GAP 0.00 0.00 0.00
Hhel mo] 2] BAlS 3% Shsishe 727k ol ek, 2 GAP Calender3 DS GAP 0.00 0.00 0.00
ERRlel disll SRAR 99 RS A 53 A S AAS T 0 GAp 0.00 0.00 0.00
hitel 2 M 2 A3ohs ol (wrapper) @4 ol thBorchani  “p1c4ers DS GAP| 0,00 0.00 0.00
etal.,2015; Xu et al., 2019; Spyromitros-Xioufis ef al., 2016, Schmid Calender4 OS GAP 0.00 0.00 0.00
etal.,2023). WebA £ A7 T 28 ZADAI= B2 Calenders DS GAP| 0,00 0.00 0.00
L ABRAE BANAHOE Ffote 58 F(oint) FHF  Calenders OS GAP|  0.00 0.00 0.00
Tdolgr| i), FYS AA e 2 AF HASFAAM 29U A Calender6 DS GAP 0.00 0.00 0.00
A GAPE YAFHA &3t Hrelr] At T A= 720 Calender6 OS GAP 0.00 0.00 0.00

licsla=s *Single-target individual learning (ST) and multi-output wrapper (MO).
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[ Input Features (33) ]

Calender 1-6 : SPD, TEMP. Pressure etc.

[ | 1

Decision Tree (2)

AKX KX

Result (1) Result (2) Result (3)

L | J

Ensemble Averaging

Output 10 Target Gaps
(Cal 2 0S/DS - Cal 6 05/DS)

Decision Tree (1) Decision Tree (3)

Figure 6. Random Forest Ensemble Structure for Predicting 10
Multi-output Gaps with 33 Process Input Features.

Table 3. Hyperparameter Settings Used in Model Comparison (others: default)

Model Key hyperparameters
MLR fit intercept = True
n_estimators = 300, max_depth = None, min_samples_leaf = 3, max_features = 1.0, bootstrap = True,
RandomForest
random_state = 42
XGBoost n_estimators = 500, max_depth = 6, learning_rate = 0.05,

subsample = 0.9, colsample bytree = 0.8, objective = reg:squarederror

MLP (baseli
(baseline) 800, early_stopping = True

hidden_layer sizes = (128, 64), activation = relu, alpha = le-4, learning rate init = le-3, max_iter =

MLP (Y-scaled, tuned)

hidden_layer sizes = (128, 64), activation = tanh, solver = adam,

alpha = 7.59e-4, learning rate init = 7.71e-4, batch_size = 128§,

max_iter = 1200, early stopping = False, n_iter no change =

le-4, y standardize in_cv = True

20, validation fraction = 0.1, tol
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Figure 7. Schematic Architecture of the XGBoost Model.
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Table 4. Summary of k-fold cv Results By Model

model R*(mean+std) RMSE (mean+std) MAE (mean+std)
MLR 0.926 (+0.006) 0.593 (£0.024) 0306 (£0.008)
RandomForest 0.971 (£0.002) 0.193 (+0.026) 0.089 (£0.004)
XGBoost 0.993 (+0.001) 0.169 (+0.019) 0.083 (£0.002)

MLP (baseline) 0.551 (£0.160)

2.715 (£0.106) 2.061 (£0.123)

MLP (Y-scaled, tuned) 0.852 (£0.012)

0.207 (+0.026) 0.129 (+0.049)

*Representation of the third decimal place.

el
52 2o A0,
olgll <Table 5>= HAIHY 7]HF 2dlo] w5 (Fold

1-5) A% Adolth. R(AA )9k At A& 7], XGBoost
mdo] 7} £ 45& Btk

Table 5. K-fold cv results by model (MLR, RandomForest,

XGBoost)

model Fold N R? RMSE MAE
MLR Fold 1 0.9291 0.5886 0.3039
MLR Fold 2 0.9210 0.6186 0.3105
MLR Fold 3 0.9282 0.5778 0.3090
MLR Fold 4 0.9355 0.5605 0.2925
MLR Fold 5 0.9174 0.6239 0.3166
RF Fold 1 0.9723 0.1936 0.0855
RF Fold 2 0.9692 0.2291 0.0950
RF Fold 3 0.9702 0.2131 0.0925
RF Fold 4 0.9753 0.1506 0.0830
RF Fold 5 0.9729 0.1830 0.0909
XGB Fold 1 0.9922 0.1955 0.0830
XGB Fold 2 0.9933 0.1796 0.0870
XGB Fold 3 0.9942 0.1639 0.0846
XGB Fold 4 0.9962 0.1359 0.0784
XGB Fold 5 0.9937 0.1728 0.0832

*Representation of the fourth decimal place.

42758 A5 8%
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£ 4HE3 AFE <Table 6>3 <Figure 8> YEMN AT
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Ak o= Al Fhel A &7 AlA ol =, n|REFH 74
A 9%1e] gEo] A o' Atk 7Fe A& A AR

Table 6. XGBoost gap prediction performance

target R? RMSE MAE
Calender 2 DS GAP 0.9866 0.1039 0.0637
Calender 2 OS GAP 0.9424 0.0865 0.0582
Calender 3 DS GAP 0.9317 0.1182 0.0729
Calender 3 OS GAP 0.8265 0.1269 0.0876
Calender 4 DS GAP 0.9506 0.1224 0.0681
Calender 4 OS GAP 0.8497 0.1332 0.0873
Calender 5 DS GAP 0.8542 0.1897 0.0956
Calender 5 OS GAP 0.8970 0.1229 0.0706
Calender 6 DS GAP 0.9967 0.2693 0.1031
Calender 6 OS GAP 0.9964 0.2832 0.1247

Figure 8. XGBoost gap prediction performance graph (R?).
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Figure 9. Graph of Calculated Variable Importance Averages by
Gap.
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QI AA 2= el & AAIRE
32 279 A8 34
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