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Abstract

Residual-based chiller fault detection and diagnosis (FDD) relies on a fault-free
reference model, but reference models are usually compared on data from the
training day and without statistical tests. This study compares seven supervised
regression methods implemented in MATLAB (fractional logistic regression,
lasso, elastic net, decision tree, random forest, least squares support vector regres-
sion and a multilayer perceptron) as reference models for six feature parameters
of an ASHRAE RP-1043 centrifugal chiller. Accuracy is evaluated on the train-
ing day, on two held-out normal days and by leave-one-day-out prediction with
Diebold—Mariano and Friedman—Nemenyi tests; detection is evaluated on 26 fault
cases at deployable and matched false alarm rates. Lasso and elastic net gave
the lowest unseen-day errors for five of the six feature parameters. With thresh-
olds set from training data, the linear models kept the unseen-day false alarm
rate at 1.2-2.7%, whereas the tree-based models reached 6.7-9.2%. At a matched
1% false alarm rate, six models gave similar mean detection rates (33.7-35.7%),
and least squares support vector regression was markedly lower. Most of the
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residual variance on normal days consisted of offsets persisting over whole operat-
ing conditions, which bounds detectability. Condenser fouling became detectable
only with 45% of the tubes plugged, because lower levels reduced the condenser
UA by only 5-13%, within the fault-free scatter. A sensor ablation showed
that the condensing pressure and power measurements carry the refrigerant-side
and water-side faults, respectively. The reference model mainly determines how
reliably a threshold transfers to new days.

Keywords: Chiller fault detection, Supervised regression, Reference model, False
alarm rate, Sensor selection

Nomenclature and abbreviations

Symbol Description

AUC Area under the receiver operating
characteristic curve

CD Critical difference of the Nemenyi test

COoP Coefficient of performance ()

CV(RMSE) Coefficient of variation of the root mean
square error (%)

d Effect size of a fault on a feature parameter
)

DM Diebold-Mariano statistic

DR Detection rate (%)

EWMA Exponentially weighted moving average

FAR False alarm rate (%)

FDD Fault detection and diagnosis

FP Feature parameter

kW Compressor electrical power (kW)

LMTD Logarithmic mean temperature difference
(°C)

LODO Leave-one-day-out

NMBE Normalized mean bias error (%)

OOF Out-of-fold

p Fraction of plugged condenser tubes (-)

Q Heat transfer rate (kW)

R? Coefficient of determination

RMSE Root mean square error

T Temperature (°C)

TCA Condenser approach temperature (K)

TCI, TCO Condenser inlet and outlet water
temperature (°C)

TEI, TEO Evaporator inlet and outlet water

temperature (°C)



Symbol Description

Teub Liquid subcooling (K)

TW Eget Chilled water supply temperature set point
(*C)

ur Temperature measurement uncertainty (K)

UA Overall heat transfer conductance (kW/K)

v Water velocity in the condenser tubes (m/s)

zZ
Greek symbols

Standardized residual (—)

Mixing parameter of elastic net; significance
level

¥ Regularization constant of LSSVR

Esc Heat exchanger efficiency of the subcooling
section (—)

n Penalty weight of lasso and elastic net

A EWMA weighting factor

W, o Mean and standard deviation of residuals

Oseg Standard deviation of the segment means of
the normal residuals

o? Kernel width of the RBF kernel

bdw Water-side share of the condenser heat
transfer resistance ()

Subscripts

cd Condenser

ev Evaporator

f Faulty operation

1 Introduction

Chillers are the largest single energy consumers in the air-conditioning systems of most
commercial buildings. Faults in a chiller waste energy, shorten the life of equipment
and raise maintenance costs. Automated fault detection and diagnosis (FDD) can find
these faults early and has therefore been studied extensively over the last three decades
1, 2].

Chiller FDD methods are commonly divided into model-based and data-driven
methods [1, 2]. In the residual-based form of both, a reference model predicts the fault-
free value of each feature parameter (FP) from the driving conditions. The residual
between the measured and predicted FP is then monitored by a statistical test or a

control chart. The accuracy of the reference model sets the width of the control limits
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through the residual standard deviation o. A more accurate model gives narrower
limits and a more sensitive FDD strategy [3-5].

For this reason, several reference models have been proposed and compared. Mul-
tiple linear regression (MLR) with three inputs was widely used with t-statistic
thresholds [6, 7]. Zhao et al. [8] combined support vector regression (SVR) with expo-
nentially weighted moving average (EWMA) control charts. Tran et al. replaced SVR
by a radial basis function (RBF) model [3], compared MLR, Kriging and RBF [4],
and optimized a least squares SVR, (LSSVR) by differential evolution [5]. Yao et al. [9]
compared random forest, XGBoost and Light GBM with SVM as reference models on
the RP-1043 data and combined LightGBM with a multivariate EWMA chart. In all
of these studies, the more flexible model gave the lower error and the better diagnosis
rate.

More recent studies have turned to transfer learning and domain adaptation, moti-
vated by the loss of accuracy of data-driven chiller models when they are applied to
operating conditions or chillers different from those of the training data [10]. Such
methods migrate FDD models between chillers [11] or diagnose faults across work-
ing conditions with partial domain adaptation [12] and with ensembles of transferred
models with adaptive weights [13]. A recent review identified performance evaluation,
benchmarking and transferability as major barriers to the real-building adoption of
data-driven FDD [2]. Most of these methods are classifiers that rely on labelled fault
data, which are scarce in practice [14], and incipient faults of low severity remain the
most difficult to identify [15]. Even a recent physically structured hybrid model of
chiller performance lost accuracy outside its validated scope and on a complete unseen
day [16]. The reference models of residual-based FDD, which require only fault-free
data, have not been re-examined from this perspective.

Four limitations remain in this line of work. First, each study compared only two

or three model families, and the regularized linear models were not included. Second,



the reference models were usually trained and tested on data from the same normal
test, for example the 'Normal2' data set of ASHRAE RP-1043 [3-5, 17]. Such a test
measures interpolation within one day of operation, not the behaviour of the model
on a new day, which is the situation of an online FDD system. Third, the differences
between models were reported without statistical tests, so it is unclear whether a
small gain in R? or RMSE is real. Fourth, the detection rates of different reference
models were compared at different false alarm rates, because each model sets its own
control limits. A model with a wider residual distribution on new days raises both its
detection rate and its false alarm rate, and the two effects cannot be separated.

The present study addresses these limitations by a comparative investigation of
seven supervised regression methods as chiller reference models. The scope is delib-
erately restricted to static regression models of steady-state operation, which is the
setting of Refs. [3-5, 8]. Sequence models such as recurrent or convolutional networks

address transient data and are outside this scope. The contributions are as follows:

1. Seven methods from four families are compared under one protocol: fractional
logistic regression, lasso and elastic net (linear); decision tree and random forest
(tree-based); LSSVR (kernel); and a multilayer perceptron (neural network).

2. Six feature parameters are modelled, including the subcooling efficiency 4. and the
condenser approach temperature TCA used in earlier chiller FDD studies [3, 4, §].

3. Generalization is evaluated at three levels: a same-day hold-out test, two fully
held-out normal days, and leave-one-day-out (LODO) out-of-fold prediction, with
Diebold—Mariano and Friedman—Nemenyi tests.

4. Fault detection on 26 fault cases is evaluated in two ways: with thresholds set from
training data only, which shows how reliably each model's false alarm rate transfers
to new days, and at a matched false alarm rate with ROC analysis, which compares
detection power fairly. Both Shewhart and EWMA statistics are used, and cluster

bootstrap confidence intervals are reported.
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5. The statistical results are interpreted physically: the structure of the fault-free
residuals, the measurement resolution of the subcooling, the heat transfer effect of
the condenser fouling tests, and a sensor ablation that relates each measurement

to the faults it reveals.

The remainder of this paper is organized as follows. Section 2 presents the seven
regression reference models. Section 3 describes the methods: the FDD framework,
data, feature parameters and evaluation protocol. Section 4 presents and discusses the
results for the RP-1043 chiller. Section 5 gives the conclusions, the novelty of the work

and a comparison with existing studies.

2 Regression reference models

All reference models are multi-input single-output black-box regressions of a feature
parameter y on the driving conditions x. Physical chiller models were not considered,
because their accuracy was found similar to empirical models at a higher calibration

effort [18]. The input vector is

X = [TWE,seta TEIv TCI) Qev]T (1)

Each input is standardized by the mean and standard deviation of the training set.
The linear models use the quadratic expansion ¢(x), which contains the four inputs,
their squares and the six pairwise products (14 terms). This form generalizes Eq. (1) of
Ref. [4] and is used so that the linear models are not penalized by the known curvature
of chiller behaviour.

The seven methods span four model families of increasing flexibility, from penalized
polynomial regression to tree ensembles, kernel and neural-network models. All are
available in standard MATLAB toolboxes, the environment of the earlier chiller FDD

strategies [3-5], so each can replace the reference model of those strategies directly.



2.1 Fractional logistic regression

Logistic regression is a classification method. It is used here in the fractional response
form of Papke and Wooldridge [19]. The target is first scaled to the unit interval with a

10% margin on each side, and its conditional mean is modelled by the logistic function:

1
T 1+ exp(—8Tp (%))

The coefficients § are estimated by the Bernoulli quasi-likelihood. The prediction

~ Y—u ~
y=—"—"", El[lx
Yni — Ylo

(2)

is mapped back to the original scale. The model is bounded, so it cannot extrapolate

beyond the scaled range.

2.2 Lasso and elastic net

The lasso [20] and elastic net [21] add a penalty to the least squares fit of the expanded
model:
1 n

1531161 on Z (yi —Bo— BT (Xi))2 +n

l1—«
2

18115+ Il B I 3)

i=1

The lasso corresponds to o« = 1. The penalty 7 (60 values on a logarithmic path)

and, for elastic net, « are selected on the validation set.

2.3 Decision tree and random forest

The regression tree [22] partitions the input space recursively so that the sum of
squared errors within the leaves is minimized. Its prediction is the leaf mean. The
random forest [23] averages B trees grown on bootstrap samples, with my,, inputs

drawn at random at each split:

1 B
769 =5 > T (%) Q)
b=1
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Both models are piecewise constant. They cannot predict values outside the range

of the training targets.

2.4 Least squares support vector regression

LSSVR [24] replaces the e-insensitive loss of SVR by a squared loss. The model

parameters follow from the linear Karush—-Kuhn—Tucker system

0o 17 b 0 x; — x; |2
= ) KZ] = exp <_ || 2 E || > (5)
1K+~ |a y g

The prediction is f(x) = ¥ a; K(x, ;) + b. Because the cost of solving the system
grows with n3, at most 2000 training samples, taken at uniform intervals, are used.
The constants « and o are selected by a grid search on the validation set, in the same
way as the DE search of Ref. [5]. The grid covers ¢ from 0.01 to 10 and v from 1 to
10°, and the selected values lie inside the grid for five of the six feature parameters

(0 = 0.05-0.2); only e selected the upper bound o2 = 10.

2.5 Neural network

The neural network is a multilayer perceptron with two hidden layers of 64 and 32
ReLU units. The target is standardized, an L2 penalty of 10~% is applied, and training

stops when the validation loss has not improved for 20 iterations.

2.6 Hyperparameter selection

The hyperparameters of all models are selected on the same validation set (Section

3.3). The search spaces are listed in Table 1.



Table 1: Hyperparameter search spaces of the seven reference models

Model

Hyperparameters and search space

Logistic regression

Lasso
Elastic net

Decision tree
Random forest

LSSVR

Neural network

Quadratic expansion; target margin 10%; no
tuning

n: 60-point path; o = 1

n: 60-point path; « € {0.1, 0.25, 0.5, 0.75,
0.9}

Minimum leaf size € {1, 2, 5, 10, 20, 50}
200 trees; myry € {2, 4}; minimum leaf size
e {1, 5}

v € {1, 10, 102, 10%, 10%, 10°}; 02 € {0.01,
0.02, 0.05, 0.1, 0.2, 0.5, 1, 2, 5, 10}; n < 2000
Layers [64, 32]; ReLU; L2 = 10~ early
stopping (patience 20)

3 Methods

The comparative framework follows the structure of the residual-based FDD strategies

in Refs. [3-5, 8] (Fig. 1). Fault-free data are pre-processed, the FPs are computed, and

each reference model is trained to predict the FPs. The residuals of the FPs under

normal and faulty operation are then used to assess both accuracy and fault sensitivity.

369
370
371
372
373
374
375
376
377
378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414



415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431
432
433
434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457
458
459
460

Fault-free training data
(normal, normall, normal2; 3 days)

!

Data pre-processing
(steady-state filter, outlier removal)

!

Operating-condition identification and
condition-aware split
(train / validation / same-day test)

v

Calculation of FPs
(LMTDcd, LMTDev, COP, kW, &5, TCA)

Reference model training (7 models)
Logistic reg., lasso, elastic net, decision tree,

i Evaluation on unseen and faulty data

Unseen normal days (normal r, normal rl)
and 26 fault cases (8 fault types)

!

Data pre-processing
(same as offline)

!

Calculation of FPs
and driving conditions
(Twe, set, TEI, TCI, Qey)

!

Estimation of FPs by

random forest, LSSVR, neural network
(hyperparameters on validation set)

|

Leave-one-day-out out-of-fold residuals
WOOF, gOOF of each FP
(Shewhart zand EWMA e, A = 0.15)

v

Control limit estimator
(OOF threshold, target FAR = 1%)

I

reference models

!

Residuals of FPs r=y —y
standardized: z = (r — u9°F)/g°F
EWMA: et =Az; + (1 —A)er-1

¢

Detection score
max over FPs of |z| or |e|

!

Score above
threshold?

Yes

Accuracy of reference models
* CV(RMSE), NMBE, R? at three test levels
 Diebold-Mariano test + Holm correction
* Friedman test + Nemenyi critical difference

Fault detection performance
* Deployable: FAR on unseen days, DR
* Matched FAR (1%): DR, ROC AUC
* Cluster bootstrap 95% Cl, paired tests

fault data.

10

Fig. 1 Structure of the comparative framework. Offline development of the seven reference

models on fault-free data, and evaluation of accuracy and fault detection on unseen normal days and



3.1 Experimental data

The data come from ASHRAE Research Project RP-1043 [17]. The test chiller is a
90-ton (316 kW) centrifugal water-cooled chiller with shell-and-tube evaporator and
condenser. Each test covers 27 operating conditions. In contrast to Refs. [3-5], which
used the 'Reduced data set' sampled every 2 min, the 'Complete data set' sampled
every 10 s is used here.

Three normal tests ('normal', 'normall' and 'mormal2') are used to fit the models.
Each test was recorded on a different day. Two further normal tests ('normal r' and
'normal r1') are fully held out and never used for fitting, tuning or threshold estima-
tion. Eight fault types are evaluated at their available severity levels (Table 2). The
fault label of each sample is taken from the test file, not from the controller fault code.
Condenser fouling levels 1-4 are the cf12, cf20, cf30 and cf45 tests, in which 20, 33,
49 and 74 of the 164 condenser tubes were plugged [17]. The three near-normal tests

are not used.

Table 2: Fault cases and number of samples after pre-processing

Fault type Abbreviation Severity levels (test)  Samples per level

Condenser fouling CF L1 (12%), L2 (20%), 2878, 3013, 2889,
L3 (30%), L4 (45%) 2907

Refrigerant leakage RL L1-L4 (—-10% to 2938, 2915, 2904,
—40% charge) 3089

Refrigerant RO L1-L4 (+10% to 2889, 2995, 3025,

overcharge +40% charge) 2981

Reduced condenser FWC L1-L4 (—10% to 3074, 3138, 2995,

water flow —40%) 2854

Reduced evaporator FWE L1-L4 (—10% to 3269, 3231, 3169,

water flow —40%) 3140

Non-condensable gas NC L1-L4 (1%, 2%, 3%, 2825, 2689, 2840,
5% nitrogen) 3366

Simultaneous FWE FWE+FWC L2 (—20% each) 3197

and FWC

Defective pilot valve ~ DPV L1 2710

Normal, held-out NORMAL_HO normal r, normal rl 2905, 2783

days

11
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3.2 Data pre-processing and feature parameters

All temperatures are converted to °C, flow rates to L/s and refrigeration tons to kW.
A sample is kept only if the chiller is running (unit status 20), the power and the
cooling load exceed 1 kW and 1 ton, the water temperature differences are positive,
and both approach temperatures exceed 0.05 K. A steady-state filter then keeps a
sample only if the moving standard deviations over 5 min are below 0.15 K for TEO
and TCI and below 1.5 kW for the compressor power. For the normal fitting data
only, samples with a controller fault code are removed, and outliers are removed by a
10-min moving median with a threshold of three scaled median absolute deviations.

Six FPs are modelled. The condenser and evaporator LMTDs are computed from
the condensing temperature T.q = TCO + TCA and the evaporating temperature Te,
= TEO — TEA:

Tco — T Tpr—1T,
LMTD,, = co Cc1 EI EO

In[(Tea — Ter) [ (Tea — Teo)] ) LMTD,, =
(6)

The heat exchanger efficiency of the subcooling section is defined as in Refs. [3, 4]:

Tsub

_ 7
Teqa —Ter Q

Esc =

The condenser approach temperature TCA is taken directly from the measure-
ments. LMTDcd, €5 and TCA are the condenser-side FPs used in Refs. [3-5, §].
LMTDev reflects the evaporator side, and COP and the compressor power (kW) are

the measured performance indices.

3.3 Operating conditions and data split

The sample stream of each test is cut into segments at time gaps longer than 2 min.

Adjacent segments are merged into one operating condition when their mean TW E,

12

In [(TEI - Tev) / (TEO - Tev)}



TCI and TEI differ by less than 0.3, 1.0 and 1.0 K. Within each condition, the last 20%
of the samples form the same-day test set. The last 15% of the remaining samples form
the validation set, which is used for hyperparameter selection and early stopping. The
rest form the training set. This condition-aware split keeps every operating condition
in all three sets and avoids the leakage that a random split of autocorrelated samples
would cause.

Three test levels are then defined:

1. Same-day test: the last 20% of each condition of the three fitting days.

2. Unseen-day test: the two held-out normal days, 5688 samples in total.

3. LODO out-of-fold: each fitting day is held out in turn, the models are trained
and tuned on the other two days, and the held-out day is predicted. The out-of-fold

(OOF) residuals are also used to estimate p and o for the fault sensitivity analysis.

3.4 Accuracy indices

The accuracy of each model is evaluated by RMSE, MAE, R?, CV(RMSE) and NMBE.
CV(RMSE) and NMBE are recommended by ASHRAE Guideline 14 [25] and are

dimensionless, so they can be compared across FPs:

CV(RMSE) =

where y; and ¢; are the measured and predicted values and 7 is the mean of the

measured values.

3.5 Statistical tests of accuracy

On each hold-out test set, the Diebold-Mariano (DM) test [26] compares the squared

errors of each model with those of the best model:
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d
dy=el,—e€5,,  DM=—=
S/T

9)

where S is the NeweyWest estimate of the long-run variance of d; [27] with a lag of
|T"/3], which accounts for the autocorrelation of the residuals. A positive DM means
that model 1 has the larger error. The p-values of the six comparisons are adjusted
by the Holm procedure [28].

On the LODO OOF predictions, the RMSE of each model is computed for each
operating condition with at least 10 samples, which gives N = 80 blocks per FP and
480 blocks in total. The models are ranked within each block, and the Friedman test
[29] checks whether the mean ranks differ. Two models differ significantly when their

mean ranks differ by more than the Nemenyi critical difference [30]:

k(k+ 1)
6N

with k = 7 models and ¢g.g5 = 2.949, which gives CD = 1.01 per FP and CD =

CD = qa (10)

0.41 for the pooled blocks.

3.6 Fault detection statistics and their evaluation

For each model and FP k, the residual r, = yr — 9 is standardized by the mean and

standard deviation of the LODO out-of-fold residuals on the fitting days:

OOF
Tk’ —
Zpt = %7 et = A2t + (1 — Neg -1 (11)
k

The second expression is the EWMA statistic of Refs. [3-5, 8, 31] with A = 0.15.
It is restarted (ego = 0) at the start of every operating condition and standardized
by the standard deviation of its own out-of-fold series. A sample is scored by the
largest standardized statistic over the six FPs, |z| for the Shewhart chart and |e| for

the EWMA chart, so that a single threshold covers the whole FP set.

14



Two threshold settings are evaluated. In the deployable setting, the threshold is
the 99th percentile of the out-of-fold score on the fitting days, which targets a false
alarm rate (FAR) of 1% using training data only. Its realized FAR on the two unseen
normal days measures how well the threshold transfers to a new day, and its detection
rate (DR) is reported for each fault case. In the matched setting, the threshold is
set so that the FAR on the unseen normal days is exactly 1%. This setting is not
available in practice, but it removes the effect of FAR on DR and therefore compares
the detection power of the models fairly. The receiver operating characteristic (ROC)
of the score, with the unseen normal days as negatives and each fault case as positives,
is summarized by the area under the curve (AUC).

Uncertainty is quantified by a cluster bootstrap [32] with 1000 replicates, in which
whole operating conditions are resampled with replacement within each test. The same
resampling indices are used for all models, so that differences in mean DR between
models are paired. The p-value of each model against the model with the highest mean
DR is adjusted by the Holm procedure [28]. In addition, the fraction of samples with
|z] > 3 is reported per FP and fault case to identify the most sensitive FP of each

fault, as in the earlier rule-based strategies [3, 4].

3.7 Physical interpretation and sensor analysis

Three further analyses relate the statistical results to the physics of the chiller and to
its instrumentation. They use the lasso, random forest and neural network models as
representatives of the linear, tree-based and neural families.

First, the residuals r on the five normal days (out-of-fold on the three fitting
days, final model on the two unseen days) are decomposed into a between-day part, a

between-condition part within each day, and a within-condition part:
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D=1 = na(Fa—7)*+> ns(rs - Fags))” + > (i Foi)) (12)
i d s i

where d indexes days and s the operating-condition segments of each day. The
within-condition part contains sensor noise and short-term fluctuations; the two other
parts are systematic offsets that persist over a whole condition or day. The measure-
ment uncertainties are taken from the uncertainty analysis of the test facility [17]:
+0.05°F (0.03 K) for the water-side RTDs (TEI, TEO, TCI, TCO), and +0.5°F (0.28
K) for TCA and £0.54°F (0.30 K) for Tiup,, both of which are computed by the
chiller controller from its onboard thermistors and condenser pressure transducer. The
uncertainty of 4. follows by first-order propagation.

Second, the shift of each FP under each fault case is expressed as an effect size d
= (Fy — TN)/0Oseg, Where 7y and 7y are the mean residuals of the fault case and of the
normal days and g is the standard deviation of the segment means of the normal
residuals. For condenser fouling, which was produced by plugging 20, 33, 49 and 74 of
the 164 condenser tubes (p = 12.2-45.1%) [17], the observed change of U A¢q relative
to a lasso model of the fault-free U A.q is compared with a simple resistance model.
Plugging reduced the condenser water flow only slightly (by about 5% at 45% plugging
[17]), so the water velocity in the remaining tubes rises approximately by 1/(1 — p).
With a water-side coefficient proportional to v%8 [33], the water-side resistance then

0

scales with (1—p)~°2, whereas the refrigerant-side resistance scales with the lost area,

(1-p)"

UACde _

UAcap o [¢w(1 —p) "+ (1 6w) (1 —p)_l]fl

(13)

where ¢,, is the water-side share of the total resistance, varied from 0.3 to 0.7.
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Third, a sensor ablation repeats the matched-FAR evaluation of Section 3.6 with
subsets of the FPs: each FP removed in turn, the FPs of one sensor removed together
(condensing pressure: LMTDecd, TCA and eg.; power meter: kW and COP), and each
FP alone. The mean DR of each subset is compared with that of the full set by the

paired cluster bootstrap with Holm adjustment.

4 Results and discussion

4.1 Accuracy on the same day and on unseen days

The model ranking on the same day did not hold on unseen days (Table 3, Fig. 2).
On the same-day test, the flexible models gave the lowest errors: the neural network
for LMTDcd (6.37%), COP (0.61%), power (0.70%) and TCA (9.85%), and LSSVR
for LMTDev (3.20%) and €4 (6.17%). On the two held-out days, lasso and elastic net
gave the lowest errors for five of the six FPs: 11.19% for LMTDcd, 5.34% for LMTDev,
1.24% for COP, 1.39% for power and 17.41% for TCA.

Table 3: CV(RMSE) (%) of the seven reference models on the same-day and unseen-day
tests

Model LMTDcd LMTDev COP kW Esc TCA
Logistic 8.32 / 456 /561 1.10/1.29 2.03/216 6.52/7.85 1240/
regression 12.06 18.51
Lasso 7.92 / 445 /535 099/ 1.09 / 6.51 /7.84 12.06 /
11.19 1.24 1.39 17.41
Elastic net  7.97 / 445 / 0.99 / 1.09 /1.40 6.51/7.84 12.07/
11.25 5.34 1.24 17.42
Decision 7.43 / 447 /719 0.77/3.66 1.02/4.25 6.40/8.38 11.30/
tree 14.26 21.74
Random 6.91 / 341 /6.60 0.74/241 0.96/3.44 6.29/8.23 10.35/
forest 11.34 18.78
LSSVR 6.84 / 3.20 / 1.30 /6.12 1.38 /5.27 6.17/ 10.17 /
15.93 12.59 7.63 23.66
Neural 6.37 / 3.48 /6.23 0.61 / 0.70 / 6.22 /7.67 9.85/
network 12.17 1.47 1.40 17.88

Values are given as same-day test / unseen-day test. Bold: lowest value in each column.
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The loss of accuracy from the same day to unseen days differed strongly between
model families. For COP, the CV(RMSE) of lasso rose by a factor of 1.25 (0.99% to
1.24%), against 3.3 for random forest, 4.7 for LSSVR and 4.8 for the decision tree. The
predicted-versus-measured plots show the cause (Figs. 3 and 4; Supplementary Figs.
S1-54 for the other FPs). The tree-based models predict in horizontal bands, because
their output is constant within each leaf and limited to the range of the training
targets. On a new day, small shifts in the driving conditions move the operating point
between bands, whereas the quadratic linear models vary smoothly with the inputs.

LSSVR gave the largest unseen-day errors for five of the six FPs. Its kernel width
was selected inside a wide grid (02 = 0.05-0.2 out of 0.01-10), so this result is not
an artefact of the search range. Such a narrow kernel fits the training day closely
but extrapolates poorly when the operating point of a new day falls between training
samples.

gsc and TCA were the least predictable FPs. Their unseen-day R? was only 0.51—
0.60 and 0.67-0.82, against 0.84-0.997 for the other FPs. Section 4.7.1 shows that the
two have different causes: the g4 residual is dominated by measurement noise, whereas
the TCA residual is dominated by offsets that persist over each operating condition.
For &4, the seven models differed by less than 0.8 percentage points of CV(RMSE).

All models met the ASHRAE Guideline 14 criteria [25] on unseen days, with
CV(RMSE) below 24% and [NMBE| below 5%. These criteria were designed for energy
model calibration. They do not separate the models in an FDD context, where the

residual standard deviation sets the detection threshold.
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Fig. 2 CV(RMSE) of the seven reference models. (a) Same-day test; (b) unseen-day test.
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Fig. 3 Predicted versus measured LMTDcd on the unseen normal days.
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Fig. 4 Predicted versus measured COP on the unseen normal days.

4.2 Significance of the differences on unseen days

The DM test confirmed most of the advantage of the regularized linear models on
unseen days (Table 4). For LMTDev, all six models had significantly larger errors
than elastic net (pgoim < 0.05). For COP, only logistic regression, lasso and the neural
network were not significantly worse. For power, only the neural network was not
significantly worse than lasso (pgoeim = 0.88). For LMTDcd and TCA, random forest

and the neural network were not significantly worse than lasso.

Table 4: RMSE on the unseen-day test and Holm-adjusted p-values of the DM test

LMTDcd LMTDev

Model (K) (K) COP () kW (kW)  esc (-) TCA (K)
Logistic 0.416 0.263 0.0470 1.152 0.0528 0.376
regression  (0.011%) (0.016%) (0.316) (<0.001*)  (0.001%) (0.020%)
Lasso 0.386 (—) 0.251 0.0453 0.742 (—) 0.0528 0.354 (—)
(0.029%)  (0.068) (0.004%)
Elastic net  0.388 0.251 (—) 0.0453 0.747 0.0528 0.354
(0.012%) () (<0.001%)  (0.004%)  (0.013%)
Decision 0.492 0.338 0.1336 2.262 0.0564 0.442
tree (<0.001%)  (<0.001%)  (<0.001¥) (<0.001%)  (<0.001*)  (0.003%)
Random 0.391 0.310 0.0877 1.831 0.0554 0.382
forest (0.724) (<0.001%)  (<0.001%)  (<0.001*)  (<0.001%)  (0.088)
LSSVR 0.550 0.592 0.2233 2.806 0.0513 0.481
(<0.001%)  (<0.001¥)  (<0.001%)  (<0.001%) (—) (0.003%)
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Table 4: RMSE on the unseen-day test and Holm-adjusted p-values of the DM test

LMTDcd LMTDev

Model (K) (K) COP (-) kW (kW)  es () TCA (K)
Neural 0.420 0.292 0.0535 0.747 0.0516 0.364
network  (0.065) (<0.001%)  (0.075) (0.880) (0.309) (0.421)

p-values (in parentheses) refer to the DM test against the best model of each FP. Best model:
—; * PHolm < 0.05.

Statistical and practical significance must be distinguished. Elastic net was signif-
icantly worse than lasso for LMTDcd, power and TCA, although its RMSE was less
than 0.7% higher. For &g, five models were significantly worse than LSSVR although
their RMSE differed by at most 10%. With about 5700 test samples, the DM test
detects such small but consistent differences, which should be reported together with

their size.

4.3 Out-of-fold accuracy and ranking over operating conditions

The Friedman test rejected equal performance of the seven models for each FP (p <
1077, except &5 with p = 0.044) and for the pooled blocks (p = 1.7 x 10740, N =
480). The neural network had the best pooled mean rank (2.98) and was significantly
better than all other models (CD = 0.41), followed by elastic net (3.69), lasso (3.85)
and random forest (3.99) (Table 5, Fig. 6).

Table 5: LODO out-of-fold CV(RMSE) (%) and mean rank over the operating conditions

Pooled

Model LMTDcd LMTDev COP kW Esc TCA rank
Logistic 9.65 5.62 1.25 2.37 6.68 14.12 4.44
regres- (5.01) (3.39) (4.11) (5.11) (4.12) (4.88)
sion
Lasso 9.36 5.52 1.10 1.21 6.75 14.10 3.85

(4.59) (3.54) (3.48) (3.02) (4.08) (4.38)
Elastic 9.00 5.52 1.10 1.21 6.74 13.65 3.69
net (3.84) (3.66) (3.58) (2.94) (4.09) (4.04)
Decision  8.49 7.13 2.33 2.69 6.89 12.95 4.43
tree (3.88) (5.08) (4.85) (5.30) (3.88) (3.59)
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Table 5: LODO out-of-fold CV(RMSE) (%) and mean rank over the operating conditions

Pooled

Model LMTDcd LMTDev COP kW Esc TCA rank
Random  8.20 6.19 1.84 2.35 7.18 11.84 3.99
forest (3.41) (3.89) (4.65) (4.64) (4.30) (3.02)
LSSVR 23.43 9.55 4.01 6.86 26.25 35.29 4.64

(4.40) (4.81) (4.92) (4.85) (4.28) (4.56)
Neural 7.66 5.82 0.99 1.08 6.60 12.16 2.98
network  (2.88) (3.64) (2.41) (2.14) (3.26) (3.54)

Mean ranks in parentheses; lower is better. CD = 1.01 per FP (N = 80) and 0.41 pooled (N
= 480).

The ranking depended on the FP. For COP, the neural network (2.41) was signif-
icantly better than all other models; for power, only elastic net and lasso lay within
the critical difference of the neural network. For LMTDecd, random forest, elastic net
and the decision tree lay within the critical difference of the neural network. For TCA,
random forest ranked first (3.02). For &g, no pair of models differed significantly.

The out-of-fold ranking favours the neural network more than the unseen-day test
does, because the three fitting days resemble each other more than they resemble the
two held-out days. The two tests therefore measure different degrees of extrapolation,
and both are needed.

The mean rank and the pooled CV(RMSE) also measure different properties. A
rank counts how often a model wins within a condition, whereas the CV(RMSE) is
dominated by the conditions with the largest errors. LSSVR shows the extreme case:
its per-condition ranks were moderate (4.3-4.9), but its error reached several times
the typical value in a few conditions (Fig. 5), which raised its out-of-fold CV(RMSE)
to 23.4% for LMTDecd, 26.3% for e5. and 35.3% for TCA. For FDD, these worst
conditions matter, because they inflate the residual standard deviation that sets the

threshold for all conditions (Section 4.4).
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Fig. 5 Per-condition RMSE of the LODO out-of-fold predictions.
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Fig. 6 Pooled mean ranks of the seven models. Dashed line: best mean rank plus the Nemenyi

critical difference (CD).

4.4 Fault detection with thresholds set from training data

The main practical difference between the models appeared in the false alarm rate
on unseen days (Table 6, Fig. 7). With thresholds set to a 1% FAR on the out-of-
fold residuals of the fitting days, the linear models gave realized FARs of 1.2-1.9%
(Shewhart) and 2.4-2.7% (EWMA) on the two held-out days. The neural network gave
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1059 3.4-3.6%. The decision tree and random forest gave 6.7-9.2%, seven to nine times the

1060
1061 target. LSSVR gave almost no false alarms, because its few large out-of-fold errors

1823 inflated 9°F and therefore the threshold.

182;1 Table 6: Fault detection summary over 26 fault cases

1066 Deployable Matched

1067 FAR, Deployable Deployable DR, Matched

1068 She- FAR, DR, She- DR,

1069 whart EWMA EWMA  whart EWMA  AUC,

1070 Model (%) (%) (%) (%) (%) EWMA  PHoim

071 1 oistic 1905, 27[0.2, 47.4 41.0 35.7 0.832 —

1072 regres- 3.6] 7.2] [34.0,

1073 sion 37.6]

1074 Lasso 1.3[05, 25[0.1, 43.9 36.9 34.3 0.804 0.12

1075 2.4] 6.9] [32.6,

1076 36.1]

1077 Elastic 1.2 [0.5, 24[0.1, 43.2 37.0 34.3 0.802 0.12

1078 net 2.3] 6.8] (32.7,

1079 36.1]

Jogo Decision 7.6 [3.0,  6.7[2.2,  40.3 27.3 33.7 0.754 0.12
tree 13.2] 12.4] [31.8,

1081 35.9]

1082 Random 7.8 (3.2, 9.2[3.6, 46.4 32.6 34.3 0.793 0.12

1083 forest 13.7] 16.2] [32.7,

1084 36.1]

1085 LSSVR ~ 0.2[0.0, 0.0 [0.0, 5.9 10.5 10.6 [9.1, 0.688 <0.001

1086 0.4] 0.0] 12.3]

1087 Neural 3.4 [0.4, 3.6[0.0, 39.4 32.7 33.9 0.815 0.04

1088 network 8.5 8.6] [31.9,

1089 35.8]

1090

1091 Deployable: threshold from out-of-fold residuals (target FAR 1%); matched: FAR on the
183; unseen normal days fixed at 1%. Brackets: 95% cluster bootstrap CI. pyoim: paired bootstrap
1094 test of the matched EWMA DR against logistic regression.

1832 The realized FAR exceeded the 1% target for every model except LSSVR. For a
1097
1098

1099 rate on new data. The excess therefore measures the day-to-day shift in the residual
1100

1101 distribution that each model cannot absorb. The shift was smallest for the regularized
1102
1103
1104

stationary process, a threshold set on out-of-fold residuals should reproduce its target

linear models, consistent with their lowest unseen-day errors (Section 4.1), and largest
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for the tree-based models. This also explains why studies that set and test thresholds
on the same normal day report lower false alarm rates than an online system will
experience.

The deployable detection rates must be read together with these FARs. Random
forest reached a mean DR of 46.4% with EWMA, close to the 47.4% of logistic regres-
sion, but at 9.2% FAR against 2.7%. Part of its detection under faults comes from the
same extrapolation error that raises its false alarms. Tree-based ensembles have been
recommended as chiller reference models on the basis of their accuracy [9]; the present

results show that their thresholds transfer poorly to new days.

0.4 Deployable false alarm rate vs. matched-FAR detection (95% bootstrap Cl)
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Fig. 7 Deployable false alarm rate versus matched-FAR detection rate. False alarm rate
on the unseen days with the out-of-fold threshold (EWMA) versus mean detection rate at a matched

1% false alarm rate; error bars show 95% cluster bootstrap confidence intervals.
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1151 4.5 Fault detection at a matched false alarm rate

1152

1}53 When the FAR was fixed at 1% on the unseen days, six of the seven models detected
11?; faults at similar rates (Table 6). Their mean EWMA detection rates ranged from 33.7%
1156
1157
1}58 random forest did not differ significantly from logistic regression (pgoim = 0.12); the
112?) neural network was 1.9 percentage points lower (proim = 0.04), a difference smaller
1161
1162
1}63 (10.6%, prolm < 0.001). The AUC ranged from 0.754 (decision tree) to 0.832 (logistic
112;1 regression), with LSSVR at 0.688.

1166
1167
1}68 statistic, the linear models detected more than the tree-based models (36.9-41.0%
11??) against 27.3-32.6%). EWMA raised the matched DR of the decision tree from 27.3%
1171
1172
ﬂ;i residual noise, which benefits the tree-based models with their stepwise predictions. It
1175 cannot remove offsets that persist over a whole operating condition, and it accumulates
1176
1177
1178 yup 64-72% of the normal residual variance of five of the six FPs, so for models whose

1179
1180 residuals are already smooth, the second effect outweighs the first.

1181

(decision tree) to 35.7% (logistic regression). Lasso, elastic net, the decision tree and

than its own run-to-run variation (Section 4.7.3). Only LSSVR was markedly worse

The effect of the EWMA statistic depended on the model. With the Shewhart

t0 33.7% but lowered that of lasso from 36.9% to 34.3%. EWMA averages out random

them, which raises the matched threshold. Section 4.7.1 shows that such offsets make

1182 Table 7: Detection rate (%) at a matched 1% false alarm rate per fault type
1183

1184 Logistic

1185 Fault regres- Elastic Decision = Random Neural
1186 type sion Lasso net tree forest LSSVR network
187 cp 10.4 14.1 14.3 14.5 10.7 1.3 13.2
1188 RL 38.3 40.1 40.2 35.7 37.2 0.6 37.7
1189 RO 424 41.6 41.6 40.3 39.2 6.2 37.9
1190 FWC 28.3 22.7 22.5 18.5 27.5 8.5 21.3
1191 FWE 9.1 0.5 0.5 5.2 7.1 8.8 45
1192 NC 96.7 96.6 96.9 96.2 97.2 35.5 96.5
1193 FWE+FW(Q4.0 9.2 9.2 11.3 4.4 6.9 19.1
1194 DPV 14.1 19.2 19.2 24.4 12.7 24.4 16.7
1195

1196
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EWMA statistic with all six FPs; values are averaged over the severity levels of each fault
type.

The detectability depended far more on the fault type and severity than on the
model (Table 7, Figs. 8 and 9). Non-condensable gas was detected in 96-97% of the
samples by six models. Refrigerant overcharge and leakage reached 36-42%, rising
with severity: for leakage, from 8-10% at L1 to 92-97% at L4; for overcharge, from 3—
10% at L1 to 82-89% at L4. Reduced condenser water flow reached 19-28%, and the
defective pilot valve 13-24%. Reduced evaporator water flow was detected in at most
9% of the samples. Condenser fouling showed the sharpest dependence on severity: at
L1-L3 (12-30% of the tubes plugged) it was detected in at most 13% of the samples,

whereas at L4 (45% plugged) six models reached 28-43%, with AUC 0.88-0.95.

Detection rate at 1% false alarm rate (EWMA, all FPs)

CF
DPV
FWC
FWE

FWE+FWC

o
U

X X
o« @@ (,o‘e% 65\\@ ’ a\\w
e @ o & he N

Fig. 8 Detection rate at a matched 1% false alarm rate per fault type and model. EWMA

statistic, all FPs.
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1243 ROC AUC: unseen normal days vs fault (EWMA, all FPs)

1244 CF 095
1245 Py o
1246 .
1247 FWC 085
1248 038
1249 FWE 0.63 0.621 0578 0.627 0.608 0.669

1250 pwerewe
1251

1252 NC
1253

1254

1255 RO
1256

1957 .\%&\0"‘6@ \:65_,50 \ae&“‘\\\e& ' '\0(\,“@@ ?0@5\ \’65\1@ I ,‘)\V\e\
1258 oo 12 060\% W
1259

1260
1261 statistic, all FPs.

1262

1263

ggg 4.6 Sensitivity of the feature parameters
1266
1267
1268 strategies [3-5] (Table 8; Supplementary Figs. S5-S10). Non-condensable gas was seen
1269

1270 through LMTDcd and TCA in every sample. Refrigerant overcharge and leakage were
1271
1272
1273 limit in 95-98% of the leakage samples and 91-93% of the overcharge samples for six

1274
1275 models. Reduced condenser water flow, the simultaneous fault and the defective pilot

0.995 0.995 0.995 0.992 0.995 0.996 065

RL

Fig. 9 ROC AUC per fault type and model. Unseen normal days versus fault data; EWMA

The most sensitive FP of each fault agreed with the fault—symptom rules of the earlier

seen mainly through TCA, LMTDcd and e4.. At the highest severity, 5. exceeded its

g;g valve were seen mainly through COP.

1278

1279 Table 8: Median fraction (%) of samples with |z| > 3 per fault type and FP

1280

1281 Fault type LMTDcd LMTDev COP kW Esc TCA

1282 cF 10 0 13 7 3 12

1283 RL 18 2 5 3 15 17

1284 RO 24 1 13 8 16 30

1285 FWC 11 6 48 7 3 3

1286 FWE 1 2 8 5 2 2

1287 NC 100 3 74 65 35 100
0 41 28 2 3
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Table 8: Median fraction (%) of samples with |z| > 3 per fault type and FP

Fault type LMTDcd LMTDev COP kW E€sc TCA
DPV 8 7 33 16 14 5

Median over the seven models; mean over the severity levels of each fault type.

Condenser fouling became visible in the condenser-side FPs only at the highest
level. At L4, LMTDcd and TCA exceeded their limits in 51-60% of the samples and
Esc 1N 27-29% for six models, and COP in 50-51% for the linear models and the neural
network; at L1 and L2, no FP exceeded its limit in more than 19% of the samples.
This agrees with the original RP-1043 analysis, which found that condenser fouling
degrades performance detectably only when about 40% of the heat transfer area is
eliminated [17]. The difficulty of CF at low severity was also reported for the RBF-,
SVR- and LSSVR-based strategies [3, 5, 8] and, more generally, for incipient chiller

faults [15]; its physical cause is analysed in Section 4.7.2.

4.7 Physical interpretation and sensor implications
4.7.1 Structure of the normal residuals

For five of the six FPs, 64-72% of the residual variance on the normal days consisted
of offsets that persisted over a whole operating condition or day, and only 28-36%
fluctuated within a condition (Table 9, Fig. 10). The between-day part alone was 15—
22%. Random forest and the neural network showed the same structure. These offsets
are variations of chiller behaviour that the four driving conditions do not describe.
They explain three results of Sections 4.4 and 4.5: thresholds set on the fitting days
were exceeded more often on new days; EWMA, which averages within a condition,
could not remove them; and a fault becomes detectable only when its shift exceeds

the segment-level scatter ogeg, not the much smaller within-condition noise.
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1335 Table 9: Residual variance decomposition of the lasso models and measurement uncertainty

1336

1337 Between

1338 conditions ~ Within a Measurement

1339 Between within a condition o within a  uncer-

1340 FP Residual o days (%) day (%) (%) condition  tainty

1341 LMTDed  0.351 15.6 56.0 28.4 0.187 -

1342 (K)

1343 LMTDev 0.257 22.3 43.9 33.8 0.150 -

1344 (K)

1345 COP (-) 0.041 15.3 48.4 36.2 0.025 0.117—-
0.153

1346 1w (kW) 0.682 16.0 49.6 34.5 0.400 1.8

1347 ¢4 () 0.048 2.7 25.3 72.0 0.041 0.065

1348 TCA (K) 0.315 17.6 53.7 28.8 0.169 0.28

1349

gg(l) Five normal days. Measurement uncertainty from the facility uncertainty analysis [17].

1352 €se behaved differently: 72% of its residual variance lay within conditions and

1353

1354 only 2.7% between days. Its inputs are among the least accurate measurements of

1355

1356 the facility, which reported uncertainties of 5-15% for the liquid subcooling and 8-

1357 25% for the condenser approach temperature [17]. With a median subcooling of 3.5
1358

1359 K (uncertainty 0.30 K) and Tcq — TCI of about 5.4 K, the propagated uncertainty of
1360
1361

1362 deviation of 0.048. The prediction error of g is therefore already at the limit set by its
1363

1364 measurement, and no reference model can reduce it. TCA, with a stated uncertainty
1365
1366

1367 variance was nevertheless systematic. Because TCA is computed from the condensing
1368

1369 saturation temperature, which the controller infers from the condenser pressure, part
1370
1371

1372 inferred saturation temperature matched the water temperature only within +0.8°F

1373
1374 [17]. The water-side quantities, in contrast, are measured by RTDs with an uncertainty

s 18 about 0.065, or 10% of its value, which is larger than the total residual standard

of 0.28 K against a residual o of 0.315 K, is also close to this limit; 71% of its residual

of these offsets may stem from the pressure transducer itself: with the chiller off, the

g;g of £0.05°F, and the residual standard deviations of COP and kW were well below

1377 their stated uncertainties (Table 9).
1378
1379
1380
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Residual variance decomposition on five normal days (Lasso)

100

40 -

Share of residual variance [%]

20 -

LMTDcd LMTDev COP kw esc TCA

|- Between days [ Between conditions within a day [T Within a condition

Fig. 10 Residual variance decomposition of the lasso models on the five normal days.

4.7.2 Why condenser fouling is detected only at the highest level

The effect sizes in Fig. 11 quantify how far each fault moves each FP relative to
the segment-level scatter of normal operation. Non-condensable gas shifted LMTDcd
and TCA by 8.30ce and 8.804c, already at L1. Refrigerant overcharge at L4 shifted
LMTDcd, esc and TCA by 8.1-9.40s, and refrigerant leakage at L4 lowered ey by
14.50cg. The signs agree with the fault-symptom rules of Ref. [3]: leakage lowers e
and LMTDcd, overcharge raises them, and non-condensable gas raises LMTDcd, TCA
and eg.. Condenser fouling moved the FPs in the expected directions, with higher
LMTDcd, TCA and power and lower COP and 4. The shifts were at most 2.60c5 at
L1-L3 but 3.5-4.404c, at L4. ey fell because Tt.q — TCI increased while the subcooling

stayed nearly constant, as also observed in the original tests [17].
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1427 Fault effect size d = A residual / Tseg (Lasso)

1428 CF-L1 0.8 1.2 -1.1 1 -0.2 0.8 °
1429 CF-L2 0.8 0.3 1.4 1.1 -1.6 0.7
1430 CFL3| 19 0 2.3 1.9 18
1431 CF-L4 0.1
}jg; RL-L1 0.1 0.2 0.3 0.2 0.6 0.2 4
1434 RL-L2 0.9 0.8 1 0.7 -1.2 0.9
1435 RL-L3 04 2.2 1.7 6
1436 RL-L4 0.9 1.9 1.4 4 4
1437 RO-L1 1.9 0.7 -1.1 1 26 2 4s
1438 RO-L2 2.1 1 -1.6 1.4 2.1
1439 RO-L3 0.7 4 6.8
1440 RO-L4 8 0.6 9.4 8
1441 FWC-L1 0.6 1.2 -1.3 1.4 0.1 0.1
1442 o
1443 FWC-L2 1.3 0.2 2.8 0.5 0.3
1444 FWC-L3 1.9 4 0.6 0.3
1445 FWC-L4 1.9 6.6 0.7 0.8
1446 FWE-L1 0.2 0.4 0.7 0.8 0.3 0.2
1447 FWE-L2 0 -0.3 0.8 0.8 -0.4 -0 8 2
1448 FWE-L3|  -0.1 -0.6 -0.9 1.2 -0.6 0.2
}jﬁg FWE-L4 0.1 -1 - 1.6 0.9 0.2
NC-L1
e
1453 NCLS
1454 NC-L4
1455 FWE+FWC-L2 1.1 2.7 0.6 0.1
1456 DPV-L1 0.1 1.2 1.9 0.7 =il
1457 LMTDcd LMTDev cop KW esc TCA
1458
1459 Fig. 11 Effect size of each fault case on each FP. d = Aresidual/oseg, lasso models.
1460
1461

1462 The reason lies in the condenser heat transfer itself (Table 10, Fig. 12). Plugging

1463
1464 12.2-45.1% of the tubes reduced UA.q by only 5.4-22.7%, two to four times less

1465
1466
1467 a water-side share ¢,, = 0.7, which is consistent with the higher water velocity in
}jgg the remaining tubes compensating part of the lost area. At L1-L3, the reductions lie
1470
1471
1472

than the loss of tube area. The observations lie closest to the resistance model with

within +20s, (+£16.5%) of the day-to-day and condition-to-condition scatter of the
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fault-free U A.q estimate, and the per-condition values overlap zero at L1 and L2. At
these levels, condenser fouling changes the condenser heat transfer less than normal
operation varies, and no steady-state residual model with these sensors can separate
it reliably from unseen normal days. Only at L4 did the mean reduction (—22.7%, d
= —2.8) leave this band, and every operating condition showed a reduction of at least
13%. This coincides with the jump of the detection rate from at most 13% at L3 to
28-43% at L4 (Section 4.5) and with the finding of the original RP-1043 analysis that
condenser fouling becomes detectable when about 40% of the heat transfer area is
eliminated [17]. The plugged fractions are those recorded in the test log [17]; the slight
reduction of the condenser water flow during the tests weakens the velocity effect only
marginally.

Table 10: Observed change of UA.q under condenser fouling compared with model
predictions

Range
over Area
Plugged Observed condi- loss Model Model Model
tubes AUA.q tions only w = w = dw =
Level (%) (%) (%) d (%) 03 (%) 05(%) 0.7 (%)
L1 12.2 —5.5 —14.2 —0.67 —12.2 —-9.5 —7.6 —5.7
to 4.7
L2 20.1 —5.4 —15.2 —0.66 —20.1 —16.0 —13.0 —9.7
to 9.3
L3 29.9 —13.0 —22.6 —1.58 —-29.9 —24.3 —20.0 —15.2
to —1.8
L4 45.1 —22.7 —32.4 —2.76 —45.1 —38.0 —32.2 —25.1
to
—13.0

Predictions from area loss alone and from the resistance model (Section 3.7). Normal segment-

level scatter oseg = 8.2%.
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1519 Condenser fouling: observed versus expected UA _, reduction
20 T T T T T T T T T
1520 |

1521 =
1522 = 0 | 7
1523 8
1524 g
1525 ¢ 0
1526 :-T: !
1527 (_:s‘5

“— 10 - |
1528 g i
1529 g iy,
1531 @
1532 <1:8 ------- Area loss only ]
1533 5 301 Resistance model, ¢, = 0.3
1534 £ ‘
1535 () Resistance model, ¢, = 0.5
1536 % 40 Resistance model, ¢w =07
1537 _LC) Normal day-to-day +2¢
1538 @ Observed (range over conditions)

-50 : . 1 ! 1 | | | | -

1529 0 5 10 15 20 25 30 35 40 45 50
124(1) Plugged condenser tubes [%]

1542 Fig. 12 Observed change of UA.q under condenser fouling. Comparison with area loss, the
1543

resistance model and the normal day-to-day scatter (£20seg) versus the fraction of plugged tubes.

1544

1545

1546

1547 Two practical consequences follow. First, the same velocity increase that masks
1548 8 :

1549 the thermal effect raises the water-side pressure drop, roughly in proportion to v'® in

1550 turbulent tube flow: by about 25% at 12% plugging, 80-90% at 30% plugging and 170%
1551

1552 at 456% plugging, allowing for the small flow reduction. A condenser water pressure-
1553
1554

1555 therefore indicate this type of fouling far more directly than any of the thermal FPs.
1556

1557 Second, real scale fouling adds a fouling resistance without raising the water velocity,
1558
1559
1560 tests may therefore understate the thermal detectability of real condenser fouling.
1561

1562

1563

1564

drop measurement, which was not part of the RP-1043 instrumentation [17], would

so it lowers U A.q more than tube plugging of the same area fraction. The RP-1043
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4.7.3 Sensor ablation

Removing a single FP changed the mean matched DR by at most 1.8 percentage points

for lasso, but the per-fault results show which measurements carry which faults (Table

11, Fig. 13).

Table 11: Mean detection rate (%) at a matched 1% FAR for subsets of the FPs

Configuration Lasso Neural network Random forest
All six FPs 34.3 [32.6, 36.0] 36.0 [34.2, 37.8] 31.0 [29.3, 33.2]
Without LMTDcd 34.3 (0.54) 35.7 (<0.001) 30.7 (0.016)
Without LMTDev  34.3 (1.00) 36.0 (1.00) 31.0 (1.00)
Without COP 32.5 (<0.001) 34.9 (<0.001) 31.6 (0.95)
Without kW 34.1 (<0.001) 35.1 (<0.001) 30.5 (<0.001)
Without egc 35.9 (0.48) 31.9 (<0.001) 25.8 (<0.001)
Without TCA 34.1 (<0.001) 39.2 (<0.001) 29.4 (<0.001)
Without condensing  33.4 (1.00) 34.1 (0.26) 8.9 (<0.001)
pressure (LMTDcd,

TCA, esc)

Without power 30.7 (<0.001) 32.3 (<0.001) 30.4 (0.95)

meter (kW, COP)
Only LMTDcd

30.0 (<0.001)

27.3 (<0.001)

27.2 (<0.001)

Only LMTDev 5.2 (<0.001) 5.3 (<0.001) 8.0 (<0.001)
Only COP 39.8 (<0.001) 41.3 (<0.001) 7.6 (<0.001)
Only kW 26.8 (<0.001) 26.3 (<0.001) 5.6 (<0.001)
Only esc 20.1 (<0.001) 21.5 (<0.001) 24.1 (<0.001)
Only TCA 26.9 (<0.001) 25.6 (<0.001) 23.2 (<0.001)

EWMA statistic. Brackets: 95% cluster bootstrap CI for the full set; parentheses: Holm-

adjusted p-value of the paired comparison with the full set.

The condensing pressure sensor, from which LMTDcd, TCA and e, are derived,
carried the refrigerant-side faults. Without it, the lasso DR fell from 40.1% to 15.2%
for refrigerant leakage, from 41.6% to 32.7% for overcharge and from 96.6% to 84.6%
for non-condensable gas, and the mean DR of random forest collapsed from 31.0% to
8.9%. Within this group, LMTDcd and TCA were redundant, since removing either
changed the lasso DR of any fault type by at most 0.7 percentage points, whereas
€sc was indispensable for leakage (40.1% to 23.9% without it). The power meter,

from which kW and COP are derived, carried the water-side and control faults and
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1611 condenser fouling. Without it, the lasso DR fell from 22.7% to 10.1% for reduced

1612
1613 condenser water flow, from 9.2% to 0.1% for the simultaneous fault, from 19.2% to

12}; 9.8% for the defective pilot valve and from 14.1% to 10.2% for condenser fouling.

1616 LMTDev, which requires the evaporating pressure, contributed nothing: removing it
1617

1618 left every DR unchanged, and alone it detected 5-8%.

1619
1620
1621 DR than all six FPs for lasso (39.8% against 34.3%) and for the neural network (41.3%

1622
1623 against 36.0%). For condenser fouling, COP alone doubled the lasso DR (29.2% against

More FPs did not always mean better detection. COP alone gave a higher mean

12;; 14.1%), consistent with the original tests, in which power and the condenser water

1626 temperature difference were the quantities most sensitive to this fault [17]. Removing

1627
1628 Esc raised the lasso DR for reduced condenser water flow from 22.7% to 34.8% and

1233 for condenser fouling from 14.1% to 19.6%, although it lowered the DR for leakage.

1631 When the score is the maximum over several FPs and the FAR is fixed, each added FP
1632

1633 contributes its own normal-day tail and raises the threshold, so an FP that responds
1634
1635
1636 sets should therefore be matched to the target faults, as also argued by recent feature-
1637

163 selection studies for chiller diagnosis [34], or combined by multivariate statistics that
1639
1640
1641 failed for random forest (7.6%), whose COP residuals generalized poorly to the unseen
1642

1643 days (Table 3).

1644

1645

1646

1647

1648

1649

1650

1651

1652

1653

1654

1655

1656

to only a few faults, or a noisy one such as g, dilutes the detection of the others. FP

account for their correlation. The interaction with the model is also visible: COP alone
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Detection rate [%] at 1% matched FAR (EWMA, Lasso) 100

All six FPs

Without LMTDcd

S

Without LMTDev

=

Without COP

=

Without kW

N

Without esc
Without TCA
Without condensing pressure (LMTDcd, TCA, esc)

Without power meter (kW, COP)

=

Only LMTDcd
Only LMTDev
Only COP

Only KW

77

4

Only esc

Only TCA

CF RL RO FWC FWE NC FWE+FWC DPV

Fig. 13 Detection rate for subsets of the FPs. Matched 1% FAR, EWMA statistic, lasso

models; per fault type.

The retraining of random forest and the neural network for this analysis changed
their full-set mean DR from 34.3% to 31.0% and from 33.9% to 36.0% (Table 6 versus
Table 11), because both depend on random initialization; lasso, which is deterministic,
gave 34.3% in both. This run-to-run variation of 2-3 percentage points is larger than
the differences between the six models in Table 6, and in this run the neural network
even exceeded logistic regression. It supports the conclusion that the six models detect
faults equally well at a matched FAR.

For instrumentation, these results suggest: (i) a condensing pressure sensor and a
liquid-line temperature sensor for the refrigerant-side faults, measured with calibrated
instruments rather than the uncalibrated onboard thermistors and controller-derived
saturation temperature, because €5, and TCA are limited by measurement accuracy;

(ii) a compressor power meter for the water-side and control faults; (iii) no need for
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1703 the evaporating pressure for the fault types studied here; and (iv) a condenser water
1704

1705 Pressure-drop measurement for condenser fouling.

1706
1707
1708

1709
1710 All models are fast enough for online FDD at a 10-s sampling interval. The training

4.8 Computational cost

gg time per FP was 0.01-0.08 s for the linear models, 0.1-0.3 s for the decision tree,

1713 0.5-2.7 s for the neural network, about 7-8 s for LSSVR (60-point grid) and 7-16 s

1714
1715 for random forest. Prediction for the whole same-day test set took less than 0.2 s for

1716 every model.

1717

1718

1719 4.9 Implications and limitations
1720

1721 Four implications follow for the selection of chiller reference models and their instru-
1722

1723 mentation. First, a model should be selected on its error on unseen days and on the

1724
1795 false alarm rate that its training-data threshold produces on unseen days, not on the

1726 training-day error. Second, once the false alarm rate is matched, six quite different
1727

1728 models detect faults equally well. The reference model therefore mainly determines

1729
1730 how reliably a threshold transfers to new days; further gains in detection must come

1731 from the measurements, the FP sets and the decision statistics. Third, regularized
1732

1733 linear models with quadratic terms offer the best overall balance: the lowest unseen-

1734
1735 day errors, the false alarm rate closest to the target and the lowest computational

1736 cogt. Fourth, detectability is bounded by the condition-level and day-level offsets of
1737

1738 the fault-free residuals and by the physical size of the fault: condenser fouling pro-

1739
1740 duced by tube plugging changes U A.q less than these offsets until about 45% of the

1741 tybes are plugged, and its earlier detection needs a hydraulic rather than a thermal
1742

1743 measurement.
1744 o .
1745 The study has limitations. The data come from one laboratory chiller under steady-

1746 gtate conditions. The matched-FAR results use the unseen normal days to set the
1747
1748 threshold and are a diagnostic comparison, not a deployable procedure. Even the best
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models exceeded the 1% FAR target on unseen days, which indicates that adaptive or
periodically recalibrated thresholds are needed in practice. The 480 Friedman blocks
share the same operating conditions across the six FPs and are therefore not fully
independent. The results of random forest and the neural network vary by a few
percentage points between training runs. The physical analysis of condenser fouling
relies on a simplified resistance model, and the water-side resistance share was not

measured.

5 Conclusions

Seven supervised regression methods were compared as reference models for residual-
based chiller FDD on the ASHRAE RP-1043 data. Each model predicted six feature
parameters from four driving conditions. Accuracy was evaluated on the training day,
on two fully held-out normal days and by leave-one-day-out prediction, and fault
detection on 26 fault cases was evaluated with thresholds set from training data and

at a matched false alarm rate. The main conclusions are as follows:

1. The accuracy ranking on the training day did not transfer to unseen days. The
neural network and LSSVR gave the lowest same-day errors, but lasso and elastic
net with quadratic terms gave the lowest unseen-day CV(RMSE) for five of the six
FPs, e.g. 1.24% for COP and 1.39% for power.

2. Tree-based models and LSSVR lost the most accuracy on unseen days. For COP,
the CV(RMSE) rose by factors of 3.3-4.8, against 1.25 for lasso. LSSVR generalized
poorly although its kernel width was selected inside a wide hyperparameter grid.

3. Over 480 operating-condition blocks, the neural network had the significantly best
mean rank (2.98; CD = 0.41), followed by elastic net (3.69).

4. With thresholds set from training data for a 1% false alarm rate, the linear mod-

els produced 1.2-2.7% false alarms on unseen days, the neural network 3.4-3.6%
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1795  and the tree-based models 6.7-9.2%. The reference model mainly determines how
1796

1797  reliably a threshold transfers to new days.

1798
1799
1800  rates (33.7-35.7% with EWMA; AUC 0.75-0.83), with only the neural network
1801

1802  marginally below logistic regression (ppoim = 0.04). LSSVR was markedly lower
1803
1804
1805 6. On the normal days, 64-72% of the residual variance of five FPs consisted of off-

1806
1807  sets persisting over whole operating conditions or days, which bounds detectability

5. At a matched 1% false alarm rate, six models gave similar mean detection

(10.6%) because rare large errors inflated its residual standard deviation.

1282 and limits the benefit of EWMA. The g4 residual was instead dominated by the

1810  measurement accuracy of the subcooling.

1811
1812 7- Condenser fouling was detected in at most 13% of the samples at levels 1-3 (12—

123 30% of the tubes plugged) but in 28-43% at level 4 (45% plugged; AUC 0.88-0.95).

1815  Plugging reduced U A.q by only 5-13% at levels 1-3, within the fault-free scatter,
1816

1817  owing to velocity compensation on the water side, and by 23% at level 4, outside
1818
1819
1820 8. The condensing pressure sensor carried the refrigerant-side faults and the power
1821

1822  meter the water-side and control faults, while the evaporating pressure added noth-
1823
1824

1825  so adding FPs to a maximum-based score can dilute detection.
1826

it. Non-condensable gas was detected in 96-97% of the samples.

ing. COP alone detected more than all six FPs for lasso and the neural network,

1827 Novelty and comparison with existing works. Earlier comparisons of chiller
1828
1829 reference models [4, 18] mainly ranked the models by their prediction error on normal
1830

1831 data, without testing the differences statistically or examining how thresholds trans-

1832 fer to new days. The present study is, to the authors' knowledge, the first to compare
1833

1834 reference models for chiller FDD on fully held-out normal days with Diebold-Mariano
1835
1836
1837 alarm rate. This exposed two effects that same-day evaluations hide: the training-day

1838
1839 accuracy ranking reverses on unseen days, and the false alarm rate of a training-data

1840

and Friedman—Nemenyi tests and to compare their fault detection at a matched false

40



threshold rises up to ninefold above its target for tree-based models. For condenser
fouling, earlier rule-based and statistical strategies reported no correct diagnosis at
the two lowest severity levels (as summarized in [8]), whereas an EWMA-SVR strat-
egy with a subcooling-section efficiency index reported 7.7-60.7% correctly diagnosed
points at levels 1-3 [8]. The present study found at most 13% at levels 1-3 under
a matched 1% false alarm rate on unseen days, and the UA.q analysis shows that
plugging less than about 45% of the tubes changes the condenser heat transfer less
than the normal day-to-day scatter. Low-severity detection rates of condenser fouling
obtained with thresholds from the training days should therefore be interpreted with
care. Finally, the sensor ablation identifies which measurements carry which faults, a
question that previous reference-model comparisons did not address.

Reference models for chiller FDD should therefore be selected on their unseen-day
error and on the false alarm rate their training-data thresholds produce on new days,
and their FP sets should be chosen for the target faults. Regularized linear models
with quadratic terms offer the best balance of accuracy, threshold reliability and cost.
Future work will address adaptive thresholds for day-to-day shifts, multivariate statis-
tics for combining FPs, condenser water pressure-drop measurements for fouling, and

validation on field data from building chillers.
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