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[Abstract]

Securing data quality is essential for precision environmental control in smart farms. In particular,
data integrity is a prerequisite for ensuring the effectiveness of the recently established national
standards, such as ‘Smart Greenhouse Sensor/Node Metadata (KS X 3269, KS X 3287).” However,
existing research has limitations in treating outliers uniformly without distinguishing their causes, which
hinders control continuity. To address this, this study proposes an intelligent data cleaning framework
that automatically classifies outliers into ‘transient outliers (noise)’ and ‘persistent outliers (failure)’ using
an LSTM-based prediction model and time-series persistence analysis (K-Counter). The proposed method
corrects transient outliers with predicted values to maintain data continuity, while for persistent outliers,
it updates the node status to ‘ERROR’ in accordance with the KS X 3287 standard, thereby
immediately excluding them from the control logic. Experimental results adhering to the KS X 3269
standard ranges demonstrated a classification accuracy of 98.1%. This study contributes to enhancing the

interoperability and stability of national standard-based smart farm control systems.
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I. Introduction
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II. Related Work

1. Anomaly Detection in Smart Farm
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3. KS Standards for Smart Farm Interoperability
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III. Methodology

1. Full Architecture
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2. Time Series Prediction Based Outlier
Detection Module
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2.3 K-Counter Based Classification Algorithm
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Table 1. Outlier classification module Key variables
Key Role in State Transition
Variables
A temporal reference point for
K distinguishing between transient and
persistent failures (K=5 set in this study)
Status variable that records the number
Ct of consecutive occurrences of anomalies
(Et > ©)

3. Intelligent Refining and KS Standard
Integration

Sustained Anomaly:
E:>0&Ci <K
E <6 (Increment Cy)

Anomaly detected:
E >0
(Start Counting)

Threshold reached:

Persistent

Transient
Anomaly State
(0<C < K)
Monitoring & Counting

Ci>K
(Finalize Failure,

Normal State
Ci =0) ’t 2 K)
Stable Operation Failure Cmﬁ[msd
Action: Exclusion

Normal data restored:

t <0
(Reset C; — 0)

Manual Repair / Reset
(Reset C; — 0)

Fig. 2. State transition diagram
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Table 2. Mapping of Classification Results to KS X 3287 Standard Fields

CIas?—UIpC:tlon Logical Condition Diagnosis Action Strategy KS X 3287 KS X 3287
ormall E, <0 Normal State Bypass Original Value (Xx,) Normal (0)
(Case 1) t
Transient Anomaly | £; > 6 AND ) _ _ _ -

(Case 2) C, < K Noise / Glitch Correction Predicted Value (X,) Normal (0)
Persistent Anomaly | £; > 6 AND _ _

(Case 3) C, > K Sensor Failure Exclusion Null or Last Value Error (1)
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IV. Experiments and Evaluation

1. Experimental Design and Environment

1.1 Dataset Construction and Preprocessing
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1.2 Injection of Synthetic Anomalies for Validation
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Table 3. Scenario for Synthetic Anomaly Injection

S Injection Logic Target Pattern
Type
Random value Temporary
Transient (£ 30% of normal) glitches due to
(Noise) with duration communication error
t<K (1~3 mins) or interference.
Fixed value or
. ) Sensor stuck,
Persistent Offset bias
. . . battery dead, or
(Failure) with duration calibration drift
t>K (100 mins) )

1.3 Adequacy of Test Dataset Size
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2. Evaluation Index
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Table 4. Outlier Type Classification Confused Matrix

Predicted: Predicted:
Transient Persistent
Actual:
. TPCIass FNCIass
Transient
Actual:
TN
Persistent FPeiass Class

3. Experimental Results and Analysis
2 AoM = F7t Az et AAgE AEE a8 4
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3.1 Outlier detection performance comparison
evaluation
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Table 5. Comparative Analysis of Anomaly Detection
Performance

Table 6. Confusion Matrix for Anomaly Type Classification

Predicted: Predicted: Total

Transient Persistent
Transient 157 3 160
Persistent 2 98 100
Total 159 101 260

297 ER E%ﬂ B de=3
Table 73} Ztt.

2739 7t A=

Table 7. Results of the Confusion Matrix for Anomaly
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Model Precision Recall F1-Score Type Classification
ISFOJ':‘:SOt” 0.895 0.842 0.867 Class Precision Recall F1-Score
Transient 0.987 0.981 0.984
L;TDJEZNt 0921 0915 0918 Persistent 0.97 0.98 0.975
uto 0.962 0.945 0.953 Total 0.981 (255 / 260)
encoder
Proposed 0.951 0.988 0.969
Method A A} Aotshs 28 257 252 HA| 98.1%9
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3.2 Outlier Classification Performance Core
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3.3 Analysis of sensitivity according to K value
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o0, 1 At Table 83} 2},

Table 8. Comparison of Classification Performance
According to Variations in the K Value

K Value F1-Score Overall Accuracy
2 0.452 0.803
3 0.701 0.881
4 0.953 0.97
5 0.984 0.981
6 0.979 0.925
7 0.975 0.874
8 0.971 0.83
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3.4 Verification of System Application Based on
Actual Field Data
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Table 9. Application Results of the K-Counter
Framework in an Actual Smart Greenhouse

Sensor K-Counter Final System
Event Ci . .
Type Diagnosis Response
Event Tempera 2 Transient Data
1 ture Anomaly Correction
Event . Transient Data
H t 4 .
2 umidity Anomaly Correction
Event Tempera Persistent Data
5 .
3 ture Anomaly Exclusion
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3.5 Computational Complexity and Real-time
Feasibility Analysis
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Table 10. Computational Complexity and Real-time Feasibility

. . Average . s
Module Algorithm Ll QompIeXIty Inference Time Al F,eaSIbmty
(Big-0) (Interval: 60s)
(per sample)
Phase 1 LSTM Prediction O(W-H? ~ 42ms Satisfied(< 60s)
K-Counter -
Phase 2 Classification o(1) < 0.01ms Satisfied(< 60s)
Total Proposed Low Complexity ~ 42.01ms Guaranteed
Framework
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V. Conclusions
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