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Abstract

Application of data-driven solutions across an industry is
challenging, since the data are often stored locally, and in-
creasing privacy and security concerns restrict access to the
data. Because it is highly unlikely that all potential data pat-
terns are captured in a single data source, machine learning
(ML) models developed from a single source cannot be ro-
bust enough. An alternative is to train local ML model at
each source and at the central location combine all the local
models to generate a global model. In this work, we develop a
proof-of-concept of distributed machine learning model, fed-
erated transfer learning, using a multi-kernel-based adaptive
support vector machine. For federated learning, the multi-
kernel approach enables feature-specific model aggregation
under data heterogeneity; whereas for transfer learning the
adaptive model enables utilization of an aggregated model
from a different task. The proposed approach is validated us-
ing nuclear power plant vertical motor-driven pump data to
predict the health condition of vertical motor-driven pumps
as an anomaly detection. The efficiency of the proposed ap-
proach is also quantified and compared with neural network.

1. Introduction

Artificial intelligence is driving the advancement of tech-
nologies in the fields of healthcare, industrial automation,
transportation, etc. (National Artificial Intelligence Initiative,
2020). The enormous amount of data generated at different
locations from various sources such as sensors and Internet
of Things devices requires high bandwidth to transmit data.
Also, low-latency real-time decision making requires contin-
uous network connection. Failure to meet bandwidth or net-
work connection requirements would lead to unreliable deci-
sion making at a centralized location. This drives a localized
decision-making capability the more appropriate solution.
For localized decision making (i.e., edge computing) using
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data-driven models, it is challenging to incorporate all possi-
ble data patterns into the data-driven models. Data collected
from various sites provide a better estimation of the popu-
lation than do data collected at a single site. However, pri-
vacy, security, legal, and commercial concerns restrict data
sharing. For example, the U.S. Health Insurance Portability
and Accountability Act (Edemekong, Annamaraju, & Hay-
del, 2018) requires that medical and individual data only be
released with proper anonymization (Li & Qin, 2017). Simi-
larly, in commercial terms, data related to processes and man-
ufacturing are often a valuable business asset. However, the
central accumulation of summaries or obfuscated models may
be considered reasonable as long as the original data are not
revealed. Thus, it is essential to enable privacy-preserving
distributed mining of information and decision making. That
said, a comprehensive model can be developed by combining
all the local models into a single aggregated model. Realiza-
tion of a comprehensive model is achieved via a central entity
(server) with which all the distributed edge devices share their
local model at customized intervals. This relies on perform-
ing distributed training on the edge devices and edge servers
where the data is generated or collected, without necessar-
ily sending data outside the enterprise firewall to the central
server.
Often, edge devices have limited computational capabilities,
meaning frequent transmitting and receiving will not be en-
ergy efficient. This challenge increases with complex mod-
els such as deep neural networks (Goodfellow, Bengio, &
Courville, 2016). In addition, the more complex models are
“black box" in nature, and there is always an added challenge
in deriving the proper appreciation for the data-driven mod-
els from an enterprise/business perspective. In this research,
we focus on a specific classifier: the support vector machine
(SVM) (Suykens & Vandewalle, 1999). We leverage this pop-
ular classification model in machine learning (ML) to build a
collaborative framework for distributed learning, along with
a unique way to model aggregation.
Over the last decades, several collaborative SVM-based data
mining approaches have been proposed in order to enhance
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Figure 1. Federated transfer learning framework for condition assessments of vertical motor-driven pumps in the circulating
water systems of two plant sites.

distributed learning. A privacy-preserving SVM classifica-
tion was proposed in (Vaidya, Yu, & Jiang, 2008), construct-
ing the global SVM classification model from data distributed
at multiple parties without disclosing the parties’ data to each
other. Using a similar approach, a collaborative learning
framework (Que, Jiang, & Ohno-Machado, 2012) was devel-
oped for SVM. Collaborative multi-kernel SVM (MK-SVM)
with alternating direction method of multipliers was used to
globally optimize the distributed sub-models (Chen & Fan,
2012). In this approach, the training matrix is partitioned into
blocks in two different ways (i.e., column partitioning and
row partitioning), and multiple kernels are extracted for each
model and then aggregated. Federated learning (FL) with
SVM was implemented in (Carlsson, 2020), with the kernel
values being combined and then shared back to the local mod-
els.
To address collaborative learning challenges through SVM,
this work proposes multi-kernel-based adaptive SVM (MK-
A-SVM)-based federated transfer learning (FTL), as shown
in Figure 1. FTL is a combination of FL and transfer learning
(TL). FL is a collaborative learning technique in which many
clients collaboratively train a model under the orchestration
of a central controller, without exchanging the party’s origi-
nal data. FL enables focused data collection and data mini-
mization by reducing the systematic privacy risks and costs
resulting from traditional, centralized ML. The FL process is
typically driven by model engineers who develop ML models
for particular applications. TL builds an effective model for

the target domain while leveraging knowledge from the other
(source) domains. The main advantages of TL are that the
training time is significantly reduced and only a very small
amount of training data (or none at all) are required to lever-
age pretrained models. To enable FTL across heterogeneous
data, a feature-group-based MK-SVM was developed. The
features are grouped based on measurement type, with each
group having its own kernel/parameter settings. The pre-
dicted category is the weighted sum of the contributions from
each kernel. To enable TL, the MK-SVM is modified by inte-
grating an adaptive SVM framework and redefining the opti-
mization approach for SVM. The adaptive nature of the MK-
A-SVM also enables the integration of other ML models (e.g.,
neural networks [NN] and Bayesian methods) with SVMs in
TL. Unlike traditional SVM, MK-A-SVM supports (1) the
adoption of multiple and feature-specific kernels, and (2) a
resilient approach to dealing with missing measurements.

2. Multi-Kernel Adaptive Support VectorMachine

SVM (Suykens & Vandewalle, 1999) is a discriminative clas-
sifier that finds, in a higher dimensional space, a hyperplane
that distinctly classifies the data points. To separate two
classes, there may be many possible hyperplanes. SVM finds
the hyperplane of maximum margin with the longest distance
between the data points of both classes. Support vectors are
data points on the hyperplane that influence the position and
orientation of the hyperplane. For the input feature vector
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x 2 X with labels Y , the general expression for the soft-margin
classifier in dual form with regularization parameter, C is
given by (Suykens & Vandewalle, 1999)

max
�

X
i

�i�
1
2

X
i; j

�i� jYiY jK(xi; x j)

s:t:
X

i

�iYi = 0;

C � �i � 0;8i;8 j

(1)

where � is the Lagrange multiplier and K(xi; x j)= �(xi) ��(x j)
is a kernel function.

2.1. MK-SVM

With the kernel function, the soft margin decision function
for SVM is defined by:

f (x) =
nX

i=1

�iyiK(xi; x j)+b (2)

Let [X]m�n represent a data matrix with m samples and n fea-
tures. The sample set can be vertically partitioned based on
feature type. The MK-SVM across the vertically partitioned
sample set can be determined by computing a net kernel ma-
trix (i.e., a gram matrix) K = K(xi; x j) from individual ma-
trices determined from each vertically partitioned sample. In
the case of two partitions, the [X]m�n data matrix can be ver-
tically partitioned into X1 and X2. Then X1 and X2 will have
K1 = K(X1;X1T ) and K2 = K(X2;X2T ) as the gram matrix,
respectively. The net gram matrix can next be determined as
the linear combination of individual gram matrices. Let the
(i; j)th element of K represent K(xi; x j) and x1

i and x2
i be ver-

tically partitioned vectors of xi from X1 and X2, respectively.
Accordingly:

K(xi; x j) = K(x1
i ; x

1
j )+K(x2

i ; x
2
j )

∴ K(X;XT ) = K1+K2 = K(X1;X1T
)+K(X2;X2T

) (3)

The net gram matrix can also be obtained via the weighted
summation of individual kernels. Hence, for G vertical parti-
tions, equation (3) can be generalized as:

K(X;XT ) = �1K1+�2K2+ :::+�GKG =

GX
i=1

�iK(Xi;XiT )

(4)

where �i is the weight associated with each local gram matrix
and

PG
i �i = 1. Using the net kernel matrix applied in equation

(1), the SVM model parameters can be obtained by solving a
quadratic programming problem. Note that each gram matrix
will be a square matrix.
Thus, using the MK approach, FL across P parties can be
performed to generate a global (master) gram matrix as the
weighted sum of net kernel matrices Kt (determined in equa-

tion [4)], for t = [1;2; : : : ;P]. The formulation to generate a
global gram matrix is given by:

Kg(X;XT ) =
PX

t=1

ptKt(X;XT ) (5)

where pt is the weight/importance associated with each net
gram matrix and

PP
t pt = 1. The importance of each net gram

matrix can be considered equal (1=P), or be based on the in-
dividual contribution to overall performance (e.g., prediction
accuracy or F��score) denoted as ACCt is determined as:

pt =
ACCtPP

j=1 ACC j
(6)

As per equation (6), kernel aggregation is conducted by giv-
ing the highest importance to the most accurate individual
model, and the lowest importance to the least accurate model.
Then the Kg matrix, which captures patterns from all the indi-
vidual models, is used to retrain each individual model. After
retraining with Kg, all groups will have a global model, and
the above process of individually updating the kernel matrix
and constructing a global matrix from all the P parties con-
tinues. Substituting equation (4) for (5), we get:

Kg(X;XT ) =
PX

t=1

pt

GX
i=1

�iKt(Xi;XiT ) (7)

The global gram matrix will be shared with each party. Then,
using the global gram matrix in equation (1), each party can
obtain the SVM model parameters by solving a quadratic
programming problem. Creating a feature-group-based MK-
SVM model enables the aggregation of kernel matrices across
individual parties with similar or partially heterogeneous fea-
tures.

2.2. Adaptive SVM

Adaptive SVM is useful for transferring a trained model from
one system to another, or for performing domain adaptations.
The adaptive SVM learns from the source model f s(x) by
regularizing the distance between the learned model (target
model) f (x) and f s(x). These source models can be trained
using any algorithm (e.g., SVM, decision tree, NN, and naive
Bayes). Let [X]T

m0�n0 represent a data matrix with m0 samples
and n0 features for the target model. The distribution of the
target data is likely to be different from the source data. Let
f s(x) represent the decision model available from the source
data, our goal being to learn classifier f (x) using M different
source models f s(x) as per:

f (x) = f s(x)+∆ f (x)

=

MX
i=1

tk f s
k (x)+∆ f (x) (8)
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where tk is the weight associated with each source model.
The objective is to determine a new decision boundary that
is close to

PM
i=1 tk f s

k (x) and accurately predicts on [X]T
m0�n0 .

Thus: ������
������ f � MX

i=1

tk f s
k

������
������2 = jj∆ f jj (9)

Equation (9) is a more intuitive interpretation of regulariza-
tion aimed to minimize the distance between f (x) and the
source model f a(x). To learn the parameters, the objective
function in equation (1) can be rewritten as follows (Aytar &
Zisserman, 2011; Yang, Yan, & Hauptmann, 2007):

max
�

X
i

(1��i)�i�
1
2

X
i; j

�i� jYiY jK(xi; x j)

s:t:
X

i

�iYi = 0;

C � �i � 0;8i;8 j

(10)

where �i is defined as �i = yi
PM

i=1 tk f s
k (xi).

Given the �̂ determined from equation (10) and the results
from the MK-SVM in equation (7), the MK-A-SVM decision
function using equation (8) can be written as:

f (x) =
MX

i=1

tk f s
k (x)+∆ f (x)

=

MX
i=1

tk f s
k (x)+

nX
i=1

�̂iyiKg(xi; x j)+b (11)

3. Numerical Results

To validate FTL using MK-A-SVM, the circulating water sys-
tems (CWSs) at two nuclear power plants (NPPs) were se-
lected as the identified plant assets. The CWS is an impor-
tant non-safety-related system. As the heat sinks for the main
steam turbine and associated auxiliaries, the CWSs at Plant
Sites 1 and 2 are designed to maximize steam power cycle
efficiency (NRC, 2009). Plant Site 1 (a two-unit pressurized-
water reactor) features six circulators at each unit.
Schematic representations of the main condensers for Plant
Site 1 Unit 2 are shown in Figure 2a. Each pair of waterboxes
in the condenser is named according to the following conven-
tion: Unit #, Condenser #A, and Unit #, Condenser #B. Plant
Site 2 (a single-unit boiling-water reactor) has four circula-
tors. A schematic representation of the Plant Site 2 CWS is
shown in Figure 2b, and several distinct differences are seen
when comparing it to the Plant Site 1 CWS. These include:
(1) the water supply to the Plant Site 2 CWS comes from a
cooling tower water basin, not directly from the river; (2) the
Plant Site 2 CWS does not have traveling screens, but each
circulator has a single-pump screen to prevent debris trans-
mission to the waterboxes; and (3) the Plant Site 2 CWS has

Algorithm 1 : Federated Transfer Learning

Require: Feature matrix [X]t
m�n, and labels [Y]t, for t 2 P

============ FEDERATED LEARNING =============
Central Server do:
1: Initialization: global model K0

g .
2: for each global iteration, k do
3: Determine number of participants, 1 �Ck � P
4: for each party c 2Ck do
5: #Get client improved/retrained model

Kk+1
c ;ACCk+1

c  TrainLocally(c;Kk
g)

6: end for
7: #Determine model importance pc

pc =
ACCk+1

cPCk
j=1 ACCk+1

j

8: #Update the global model
Kk+1

g  
PCk

c=1 pcKk+1
c

9: end for
10: if Global_model request then
11: #Send global model to party p

S endGlobalModel(Kk+1
g )

12: end if

Component/Plant Site do:
13: function TrainLocally(c;Kk

g)
14: for each local iteration, i j do
15: #Do local model training

Ki j
c ;ACCi j

c  LocalU pdate([X]c
i j;K

k
g)

16: end for
17: return Kc;ACCc
18: end function
============= TRANSFER LEARNING =============
New Component/Plant Site do:
19: #Receive global model from central server

f s(x) ReceiveGlobalModel()
20: #Adopt global model

f (x) f s(x)+∆ f (x)
21: #Determine Model Performance

ACCT  ModelS core( f (x))
22: if send_model_to_server then
23: S endModel( f (x);ACCT )
24: end if

four circulators feeding six waterboxes via a common header,
unlike the Plant Site 1 CWS, in which each waterbox has its
own circulator.

3.1. Fault Signatures of the NPP Asset

Fault signatures enable informed decision making to prevent
potential failure of a plant asset. They can also be used for
root cause analysis if failure occurs. In theory, the different
fault modes associated with a plant asset (e.g., the CWS) have
unique, consistently identifiable fault signatures. In practice,
fault signature identification and diagnosis are not straightfor-
ward and can benefit from analyses of historical data. Each
detected fault signature for a particular degradation mode
should have enhanced feature verification and confidence by
selecting additional process and condition monitoring data
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