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[Abstract]

Spatial prediction of indoor environmental quality (IEQ) remains challenging because structural features such as walls,
partitions, and doorways induce heterogeneous spatial correlations. Consequently, conventional interpolation methods based on
isotropic covariance structures or distance-only weighting often produce systematic errors near zone boundaries. To address this
limitation, this study proposes Zone-Adaptive Kriging (ZAK), a framework that incorporates floor-plan-derived zone priors directly
into the covariance function through a zone correlation coefficient function, 4(p,q). By accounting for indoor structural
heterogeneity at the covariance level, ZAK preserves the Best Linear Unbiased Estimator property of standard kriging under the
positive-definiteness condition (¢ = 0). In Leave-One-Out Cross-Validation experiments using 37,086 CO, measurements collected
in a real office environment, ZAK reduced RMSE by 17.8% and 25.5% compared with inverse distance weighting (IDW) and
standard Kriging, respectively, achieving 25.2% error reduction at boundary-adjacent nodes. Consistent improvements were also
observed for temperature, humidity, and illuminance prediction using the Intel Lab dataset, demonstrating that ZAK provides a
lightweight and theoretically grounded framework for spatial IEQ prediction.
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Table 2. Sensing node coordinates and zone information

Node ID X (cm) Y (cm) Zone Remarks
NO1 100 243 Zone 1 Boundary—adj.
NO2 126 354 Zone 1 Boundary—adj.
NO3 187 335 Zone 2 Boundary—adj.
NO4 265 249 Zone 2 -

NO5 392 335 Zone 2 -
NO6 511 283 Zone 2 -
NO7 637 384 Zone 2 -
NO8 387 178 Zone 2 -
NO9 507 111 Zone 2 -
N10 603 176 Zone 2 -
N11 325 8 Zone 2 -
N12 386 15 Zone 2 -
N13 591 19 Zone 2 -
N14 62 354 Zone 3 Boundary—ad.
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Table 3. RMSE comparison by K and a (overall mean:

IDW=45.68, Kriging=50.32, ZAK=37.52)

K e bW (afggpIZSK) (impriéeKment)
5 46.44 52.19 37.87 (-18.4%)

3 10 46.44 52.19 37.93 (-18.3%)
15 46.44 52.19 37.96 (-18.3%)

5 45.28 49.81 37.30 (-17.6%)

5 10 45.28 49.81 37.36 (-17.5%)
15 45.28 49.81 37.39 (-17.4%)

5 46.67 50.81 37.45 (-19.8%)

7 10 46.67 50.81 37.49 (-19.7%)
15 46.67 50.81 37.52 (-19.6%)

5 44.31 48.45 37.30 (-15.8%)

9 10 44 31 48.45 37.34 (-15.7%)
15 44 .31 48.45 37.36 (-15.7%)

Avg. | - 45.68 50.32 37.52 (-17.8%)
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Table 4. Direct comparison of ZAK and SSK on CO,
prediction (same office dataset)

Method | RMSE | MAE | MAPE (%) | R® | Zone definition
DW | 45.44(38.84| 10.21 | 0.40 —
Kriging |46.04 |37.96| 9.94 |0.42 —

SSK [6] |26.66|21.71| 8.00 | 0.57 |Data—driven auto

(prozpﬁzed) 3735|2914 | 9.15 | 0.55 F'g%ﬁggf‘”
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Table 5. Performance comparison on the Intel Lab dataset
(LOOCV, K=5, a=5)

Temp. | Temp. | Hum. | Hum. llum. | lllum.
Method | pyuse | R | RMSE | R | RMSE | R?
IDW 058 | 068 | 1.85 | 0.86 | 170.22 | 0.49
Kiging | 0.61 | 0.65 | 1.85 | 0.88 | 161.47 | 0.50
ZAK
(oremcsed) | 043 | 081 | 1.42 | 092 | 8371 | 074
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