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This study developed a composite score-based unsupervised temperature
anomaly detection (CS-UTAD) framework for heat treatment process data
without failure labels, maintenance records, or quality-defect labels. CS-UTAD
reformulates the task as anomaly candidate screening and warning/alarm
generation rather than supervised failure prediction. The framework combines
forecasting residuals, autoencoder reconstruction, and statistical anomaly scores
through rank fusion, supported by leakage-safe batch-wise splitting, train/
validation-based threshold calibration, and a confirmed warning/alarm policy. On
345,390 one-second process records, CS-UTAD reduced the warning/alarm rate
from 5.738% to 4.996% and the alarm rate from 2.971% to 2.531% compared with
the guidebook autoencoder baseline; in the test interval, the corresponding rates
were 4.986% and 2.613%. Its top-100 candidates included seven IQR weak-signal

hits, whereas the baseline included none. The confirmed policy compressed
93,102 test samples into 51 alert episodes for expert review. The results support
label-free anomaly monitoring rather than supervised failure prediction.

* Corresponding author. Tel.: +82-31-400-5245
E-mail address: norwalk87@hanyang.ac.kr (Kyoo Sik Shin).
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Aol ejEdtths AZE Ak

U ST HIA= Aol

SHAS Est7] 93l forecasting residual, reconstruction
A%st composite score-based
unsupervised temperature anomaly detection (CS-UTAD) =
HAAZE AT, Ak WL o) HLE AA w7 &
Moz siAshA| gal, ZAE7E AE7 R o) $HeF HE &
@ BEE Algohe ol 58S £oF 2 A7) ApiAS A %
2hlo] ¢le A= HlofElolA H7h 7153 label-free anomaly
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Table 1 Data quality diagnosis results

Quality metric Value Interpretation
Completeness The dataset has very few
uali‘t’ . 99.994% missing values and
E high completeness
Row uniqueness 100.000% No duplicated rows
quality index ’ ’ were found
Timestamp parse All timestamps were
o 100.000?
quality index & successfully parsed
Timestamp uniqueness 100.000% No duplicated timestamps
quality index ’ ’ were found
Timestamp monotonic 100.000% The time sequence
consistency ’ ’ increases consistently
N ic validi
:ﬁ;ﬂ; Y:: dl;?y 99.994% |Numeric data validity is high
IQR non-outlier o Some extreme values exist
validity 96.505% under the IQR criterion

Table 2 Heat treatment process data variable composition

Category

Variable examples

Meaning

Time information

TAG MIN

Data collection
timestamp

Batch information

Batch assignment
number

Batch or work-unit
identifier

Drying process

Drying zone 1 OP

Output value for
maintaining the

operating condition drying-zone
temperature
. Drying furnace
Drying furnace g Temperature of each
temperature temperature. Zone 1, drying-furnace zone
P Zone 2 g
Washer Washer Washer temperature
. Output value for
Quenching furnace Quenching malijntainin the
operatin, gcondition zone 1 OP to uenchin gzone
P & zone 4 OP d &

temperature

CP-related variables

Quenching furnace CP
value, CP
monitor value

CP and monitoring
values in the
quenching furnace

Quenching furnace
temperature

Quenching furnace
temperature Zone 1 to
Zone 4

Temperature of each
quenching-furnace
zone

Salt process
operating condition

Salt zone 1 OP,
Salt zone 2 OP

Output value for
maintaining the
salt-zone temperature

Salt-related
temperature

Salt sludge removal,
salt conveyor
temperature Zone 1/2,
salt bath temperature
Zone 1/2

Temperature of the
salt process and
related equipment
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Table 3 CS-UTAD framework processing steps

Step Main procedure Purpose
. Identify the dataset purpose,
1 Data loading fy P rp
variables, and baseline
L . | Confirm time-series suitability and
2 |Data quality diagnosis
quality diagn absence of labels
. . Prevent data leakage and approximate
3 Batch-wise split . N . PP .
an operational evaluation setting
Reflect temperature variation,
Feature . . .
4 . . operating conditions, and regime
engineering .
characteristics
5 Forecasting Compute anomaly scores based on
model forecasting errors
6 LSTM Compute anomaly scores based on
AutoEncoder reconstruction errors
7 Classical Reflect statistical extremeness and
anomaly score distributional abnormality
g Pseudo-normal Stabilize the normal reference
refinement distribution
9 Rank fusion and | Derive an integrated anomaly score
weight search from multiple scores
10 Train/validation-based | Set thresholds from train/validation
threshold setting score distributions
Multi-condition alert .
11 . Confirm operational alert states
confirmation
2 Episode summary and| Support result interpretation and
expert review support| field-level review prioritization

£ 100.0%2 Uehitk. ol A BY S5t 718 Sep]
93 712 Fdol Fuwlel g omyth o IQR

non-outlier validity= 96.505%=2 Y¥ STt TE7F 2A5H3
o & Aol o2t IQR 71HF A2 S Al AH 2hHlo] oh
g B2AQ1 weak signal 25+ ARE3H}. 0] weak signal2 Ratner
et al. (2017)1"19] o8t 7F=(weak supervision) 7fidol 7]5ksto,
AE71 2hd ¢lo] golg] X 7|8te] 1H(IQR 7]& 1.58] &3}
ojl-})gi x]-_t.. /\H/\é,‘a B ANSE AHol=c} AlA 1A 2pdlyt
ES o4 oj5g SAekA) ghon), =l 7t 9
AER EE3t. £ dlojejolle AAl 1 2,
#lo] 2314 =t} Precision-
-9 Bag AR sElolo o
£ precision, recall, F13+ 22 | &=38k3
Hsoz aHeia greth olzia
E5E AR 27 oo Qi AN Alad
H7¥ol] Sigt Ol AERA, AR BE 72,
eAesistel 22 A8H Bl At
= o]as}

] }\]_9__._.
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g A8/ Bl o

label-free 2F A EE
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Confirmed policy= °l2] A& 271 97 aejst= o

71Nt AE & AA= ALsto], YAIA spikeZ U7t Fp=F
£ Zo|u HE ZTHE episode FHE Y=sIoch LA1A
batch-wise split=- train 199,598 samples, validation 52,690
samples, test 93,102 samples® LAISFFTH & Ao A fused
score 7|8t warning/alarm $E.2} confirmed alert profile2 A
2 tE dA 9 A2 JLEHT. Fused score 7|4 WOA rate
@} alarm rate:= train/validation E-3Zoj|A] A8} thresholdS
test £7tol] ALE wjo] 1x} T E H|Eo]H, confirmed alert
profile o] $E 50| thz 27 7|4 FE IHg AL %
A9 = Alglolct. webA fused score 718 WOA/alarm 7+
& A= HA TR 2o Wol& ) confirmed alert profilee
AA @RoIN HESNoF & 2 HE AJEf AEZ A5
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Fig. 1 Train/validation loss curves for each model

AutoEncoder baseline THH] warning-or-alarm rateS 5.738%01|
A 4.996%Z, alarm rateZ 2.971%0A 2.531%=2 FZ3ict.
Test T7HIAE baseline?] WOA rate 7.738%, alarm rate
4.246%9°] H]3 CS-UTAD+= 217} 4.986%, 2.613%= 2 7K
Bokg Bk Test 77 93,1027] sampleo]A] warning-or-
alarm $RE 720471004 4,6427122 2,5627(2F 35.6%) T4
SHITE. ole AE Faes dF LAY FE 7EE(alarm
fatigue)’ & 34| £0] 583 o] A=l tigt AF=E Folx
AAo] T3¢ 4 Y& el Top-N enrichment EAo] A=
IQR weak signal?t F3H=+= SEE J9lol wixste Fde
Btk AA ©lole Top-100 X 7]£S2 Guidebook
AutoEncoder baseline2 IQR weak signal& Z§Hs}A] &3t ®t
™, CS-UTAD fused scorex= 7718 EF3ITh o] top-100
hit rate 7.0%, weak signal coverage 9.72%, enrichment
335.80uHo] SRt Tt o] A= AAl 178 94 A5l oY
2t 2 2pd BA 2700AM A9 HE SEI} weak signalS Hnt
U AsAos xIStAIE Uedle Bz Adolth 7t
E Mo A reconstruction-only: test WOA rate 7.741%,
alarm rate 4.246%2 Guidebook AutoEncoder baselinex}t -S-AFSH
25 HG oL, forecast-only:= 4.926%/2.429%, classical-only
= 4.737%/2.398%, forecast+classical 2T 4.577%/2.271%
2 Y42 ZH Hokg Heith Full CS-UTADE 4.986%/2.613%
2, & JEE 2|45HET forecasting residual, reconstruction

E3l5to] ThYA  detector
agreement®} episode-level review 7F54& BAlol| FRsI=
‘TRE Yo SiAEL RPF ol TRt o) Hae

ablation

score, classical anomaly score&
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Table 4 Overall performance comparison between AE and

CS-UTAD
' Guidebook CS-UTAD .
Metric AutoEncoder Interpretation
. fused Score
baseline
CS-UTAD reduced
WOA 19,819 17,257 warning/alarm
count .
candidates
WOA 5.738% 4.996% CS-UTAD reduced
rate alert burden
Alarm 10262 8741 CS-UTAD rf:duced
count alarm candidates
Alarm 2.971% 2531% CS-UTAD reduced
rate alarm burden
Weak-positive Based on the IQR
72 72 .
count weak signal

Table 5 Top-100 weak signal hit comparison

Method Top-100 weak signal hit

Guidebook

AutoEncoder baseline No

CS-UTAD fused score Yes
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Table 6 Final confirmed alert profile state ratio

Normal Warning Alarm  |WOA count|Alarm count
99.59% 0.10% 0.31% 382 289
Table 7 Top three batches by WOA rate
Batch ID WOA rate Alarm rate
103675 1.254% 1.013%
102585 0.587% 0.391%
107402 0.400% 0.293%
ZoHA| 43 EA batch U episoded] FEE AT} Confirmed

policy= ZE thAE WOA 382713} 5171 alert episodeZ U=
3t .0, batch 103675% 7Hd =2 WOA rate®} alarm rateE,
batch 107402% 7P W& alert episodeE XSt} Batch
1036752 AR 2L & A7} A Hal 4 HeS
HIE Ao 2 Hlojus 2710l Z2AS 7H5AS, batch 107402
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At CS-UTAD?| 25 H/d2 o9h 37, B4, Hi=A A
£ 5 AAE 542 7R T Y Eooll= 7 =m|Qlef lolH
EXo] Z3o] 7}%4] U thresholdE 2HFC 2N A& 7H55t

th ot 2 e o glolEM(KAMP)o] dHyEI9lon g ot

2 Adu] g o|F 4] $7ollA] o 8/ S} TR AA]

tloJe|29] o] &5 A3 IR =tk 3 rank fusion
71%21(0.20, 0.40, 0.00, 0.40)= 57 TlolE|Aloll H A3 73
2 Zholn 2, th2 oA & HE Sh<i(meta-learning) 715+
AP 7HeA 24 WA =Rl AR Z9Ut
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