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A B S T R A C T

Climate factors such as humidity and temperature have a significant impact on the corrosion reliability
of electronic products. Given the huge geographical variability in climate conditions globally, a climate
classification is a useful tool that simplifies the problem of considering climate when designing electronics
packaging. Most current guidelines for electronic product design rely on the Köppen–Geiger classification
first developed by Köppen over a century ago. Köppen devised a set of heuristics to separate climates to
match different vegetation types. These climate classes are unlikely to be the optimal for electronic product
design. This paper presents a new climate classification using parameters important for corrosion reliability
of electronics. The classification is based on real climate data measured every 3 h during a 5-year period
at over 9000 locations globally. A key step is defining relevant features of climate affecting corrosion in
electronics. Features related to temperature are defined, but also the amount of time that the difference
between Temperature and Dew Point is less than 1, 2 or 3 ℃. These features relate to the risk of condensation
in electronic products. The features are defined such that diurnal, seasonal and yearly variation is taken into
account. The locations are then clustered using 𝐾-means clustering to obtain the relevant climate classes. This
data-driven classification, based on key features for corrosion reliability of electronics, will be a useful aid for
product design, reliability testing and lifetime estimation.
. Introduction

Humidity can influence the performance of electronics by encour-
ging corrosion to occur on the surface of the Printed Circuit Board
ssembly (PCBA) or on other components (Ambat et al., 2018; Wang
t al., 2013). Variation in the local climate at the place of use, such as
iurnal and seasonal changes in humidity and temperature, can allow
ondensation to form on sensitive electronics components. Electronic
ackaging regulates the entry of humidity into the device. However,
he level of moisture entry depends on the design (Conseil-Gudla et al.,
018; Jacobsen et al., 2014; Tencer & Moss, 2002). During the diurnal
ycling of humidity and temperature, lagging of temperature equilibra-
ion inside the device can result in intermittent condensation, which
lso depends on the hygroscopic nature of the surface (Piotrowska

Ambat, 2020; Schimpf et al., 2009). Therefore, for better design
or climate compatibility, knowledge on relevant local climates and
hose aspects of the climates that are critical to the electronics are
mportant. As the Earth contains a huge variety of different climates,
lustering climates into classes based on the above factors will be very
seful for electronic design decision making. In this paper, consider-
tion is towards the corrosion reliability of electronic devices, where
emperature and humidity levels and variations, and the potential risk
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of condensation, are key variables (Ambat et al., 2018; Conseil-Gudla
et al., 2018). However, the classification proposed in this paper is also
useful in any setting where corrosion must be considered.

1.1. Corrosion in electronics

Electronics devices are prone to degradation, and loss of perfor-
mance resulting in the need for repair or replacement. Recently, the
effect of external climatic conditions such as humidity and temperature
on the performance of these devices is taken into consideration and is
becoming a key factor in design considerations due to ever-growing
demand for miniaturization of electronic devices and products, as
well as energy efficiency and sustainability. The service of electronic
equipment in extreme climatic conditions is aggravating the degrada-
tion processes such as general corrosion and short circuiting due to
electrochemical migration (ECM), conductive anodic filament (CAF)
formation, etc, leading to premature failure of electronic devices and
components (Ambat et al., 2018). In terms of financial cost, the global
cost of corrosion across all industries was estimated at 3.4% of the
global GDP (NACE, 2016). The cost due to corrosion in electronics
alone is not estimated but is a significant contributor to the overall
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figure. Hence there is a great potential for economic savings if corrosion
in electronics can be mitigated.

The electrochemical corrosion of electronics occurs in a locally
formed aqueous cell on a PCBA due to the co-existence of three factors
namely: (i) potential bias, (ii) metals/alloys and (iii) humid surround-
ing air. Presence of contamination, from the outdoor environment
(such as salt or dust) (D’Angelo et al., 2017; Song et al., 2012, 2013)
or from the manufacturing process (due to, for example, solder flux
residues or handling) (Conseil et al., 2014; Veselý et al., 2020) are
hygroscopic in nature and will absorb water at relatively low levels
of humidity through the process of deliquescence, and will increase
the conductivity of the formed electrolyte. The first point of failure is
a parasitic circuit. The current can leak through the solution and can
result in leak current or surface insulation resistance (SIR) reduction.
It can further increase the corrosion and ECM formation (Piotrowska
et al., 2018b; Verdingovas et al., 2015). Better PCBA design (surface
finish, pitch distance, solder mask type, etc.) (Bahrebar & Ambat, 2021;
Mantis et al., 2021; Piotrowska et al., 2018a), and better selection of
solder flux composition (weak organic acid type) lowering the surface
contamination level, may lead to better humidity reliability, as well as
a better protection (packaging) of the electronics parts.

Currently, the general approach to withstand the external environ-
mental loads is to use conformal coatings or potting on the PCBAs,
and to place the assemblies inside an enclosure. The moisture barrier
of the coatings and potting are affected by the material type, thick-
ness, conformity, cleanliness of the board and adhesion (Mantis et al.,
2021). Nevertheless, the moisture will eventually permeate through the
coating and reach the interface with the PCBA (Hunt et al., 2006; Rathi-
navelu et al., 2012). The electronic enclosure is also a physical barrier
towards the aggressive environmental loads; however, the electronic
enclosure is never perfectly sealed and is exchanging humidity with
the surroundings under all combinations of humidity transport modes.
Humidity can diffuse through intended or unintended openings and
also through polymeric casing walls (Conseil et al., 2016; Conseil-Gudla
et al., 2018; Roman et al., 2020). The design of the devices, such as the
interior arrangement of electronic parts, presence of thermal mass, vol-
ume of plastic parts, etc. will influence the build-up of humidity inside
the devices. Forced and natural convection are also used in electronics
for cooling purposes, giving rise to exchange of humid air between
the enclosure and ambient. Natural convection between the electronic
enclosure and ambient also occurs due to ambient temperature and
pressure changes (Jacobsen et al., 2014; Tencer & Moss, 2002).

Relatively little literature exists on how to design for protection
and robustness of electronics devices in relation to environmental
loads. Current approaches to climatic testing of electronics, such as,
for example, the damp-heat test and thermal cycling test described
in IEC 61189-3:2007, tend to test extremely harsh conditions, rarely
observed in natural climates. Improved knowledge of observed environ-
mental climates and classification is a vital step towards helping design
engineers to minimize or eliminate many corrosive interactions.

1.2. Climate classifications in engineering

The IEC 60721-1:1990 (1990) standard provides some guidelines
for designing electronic enclosures for different climates, based on the
climate classification of Kottek et al. (2006). The Köppen–Geiger classi-
fication (KGC) of climates is the most widely used and known climate
classification, and defines five main climate classes (A - Tropical, B -
Dry, C - Temperate, D - Continental and E - Polar). The classification
was first presented by the German scientist Wladimir Köppen in 1900,
and was later updated by Rudolf Geiger in 1954. Köppen devised the
five climate classes to correspond to different vegetation types, and
formulated a set of rules to classify a climate based on its mean monthly
temperature and precipitation values. The Köppen–Geiger classification
further divides its 5 main climate types into 14 sub-types based on the

type of seasonal precipitation, and a final subdivision using additional

2

temperature rules results in 31 climate types. The rules used to define
the climate types are heuristics arising from the expert knowledge of
Köppen and Geiger in an attempt to separate the different vegetation
types, at a time when climate data was far more limited than today.
Despite this, it remains the most widely used climate classification
today, perhaps in part due to ‘‘historical inertia’’ (Cannon, 2012), but
also the fact that for most general purposes, it provides an adequate
and logical classification of climate. A drawback of the KGC is that
the climate classes are not separated based on any inherent struc-
ture in the climate data, but rather by imposing external, somewhat
arbitrary, rules. For example, the main Tropical class is defined as
climates where mean monthly temperatures for all months exceed 18
℃, but it is unlikely that this precise cut-off is supported by statistical
distribution of minimum mean monthly temperatures of climates. A
number of authors have proposed alternative, more data-driven climate
classifications. Zscheischler et al. (2012) apply 𝐾-means clustering to
monthly average values of climate variables to obtain an alternative
to the KGC. Netzel and Stepinski (2016) use the partitioning around
medoids algorithm on temperature and precipitation data to obtain
climate classes, and Cannon (2012) use multivariate regression trees.
Köppen’s motivation of separating vegetation types has also been re-
examined, and new climate variables that are more directly linked to
plant physiology were defined, on which to apply Ward’s method of
hierarchical clustering (Gardner et al., 2020).

In addition to the methodology behind the KGC, another limitation
is that a classification based on temperature and precipitation may
not be the most relevant for corrosion related applications. A number
of application-specific climate classifications have been proposed. For
example, to obtain a climate classification that is more relevant for
photovoltaic systems, an extension of the KGC to define classes also
based on solar irradiance has been proposed (Ascencio-Vásquez et al.,
2019). In the domain of building design, a climate classification is used
that focuses on building energy usage by taking into account thermal
criteria represented by the number of so-called heating and cooling
degree-days (Briggs et al., 2003). In the field of pesticide pollution
monitoring, a climate classification was developed for Europe based
on climate variables found particularly important in pesticide fate
models (Blenkinsop et al., 2008).

For evaluating corrosion of metals and alloys in general, the ISO
9223:2012 (2012) standard defines six corrosivity categories. The
classes are determined by the observed corrosion loss of standard
metals. In the absence of corrosion data, classes are proposed based on
atmospheric conditions, as quantified by the ‘‘Time of wetness’’. This
is the number of hours per year that Temperature exceeds 0 ℃ and
relative humidity exceeds 80%. This very coarse classification does not
take into account daily and seasonal variation in conditions.

1.3. Structure of this paper

In this paper, a climate classification is developed based on climate
features that are critical to corrosion reliability of electronics, although
the outcome is also useful for understanding how climate conditions at
different locations may affect corrosion more generally. The Methods
section outlines how these features are derived from temperature and
humidity, to emphasize conditions that represent a condensation risk.
The features take into account both seasonal, and diurnal variation
as formation of condensation is often linked to diurnal cycles of tem-
perature that lead to heating and cooling of an object (Schindelholz
& Kelly, 2012). The new climate classification is contrasted with the
currently used KGC, and the properties of the proposed climate classes
are discussed in the Results and Discussion section, before concluding
the paper with a summary of the main findings and future perspectives.
Additionally, the paper outlines a methodology that can easily be
adapted to develop climate classifications in other applications.
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Fig. 1. Overview of the methods used.

2. Methods

An overview of the methods used to develop a new climate classifi-
cation for electronics reliability is illustrated in Fig. 1. The methodology
is highly generalizable to obtain climate classifications for any appli-
cation. The choice of features in the feature extraction step is key to
ensuring that the climate classification is useful for the application of
corrosion reliable design of electronic systems. The following sections
present details of each step in the methodology.

2.1. Data

To perform the desired climate classification, a dataset that fulfilled
the following specifications was required:

1. Climate parameters: For this application, the vital climate pa-
rameters were identified as Air Temperature and Humidity
(quantified by any of Dew Point, Relative Humidity or Absolute
Humidity—if one of these humidity parameter and Temperature
is known, then the other humidity parameters can be calculated).

2. Sampling frequency of observations: Must be greater than daily
in order to take into account diurnal cycles.

3. Spatial resolution: Data for several thousand locations cover-
ing Earth’s land surface was required to allow a reasonable
extrapolation from the classified locations to all points on the
Earth.

4. Time-periods covered: For maximum relevance, recent data is re-
quired covering at least one year (to capture seasonal variation)
and preferably several years (to capture year-to-year variation).

In general, available climate datasets appear to be subject to a trade-
off between sampling frequency of observations and spatial resolution
of locations, where datasets are high in one of these attributes but
not both. For example, the WorldClim dataset (Fick & Hijmans, 2017),
which has previously been used for climate classification (for example
by Cannon (2012)) has a very high spatial resolution, but a low sam-
pling frequency of monthly observations, such that diurnal variation
3

is absent. A dataset that met the requirements was obtained from the
US National Oceanic and Atmospheric Administration (NOAA) that
provides free access to its archive of global historical climate data. The
NOAA Integrated Surface Database (ISD) (Smith et al., 2011) contains
up to hourly (depending on location) measurements at thousands of
stations located around the world, with earliest records over a century
old. The stations are generally located at airports. The data is available
in a consistent format and includes dew point and temperature. Data
from all available locations for the five-year period from 2014 to 2018
were extracted from the ISD-Lite database (a cleaner, easier to use
version of the full ISD (Smith et al., 2011)).

2.1.1. Data preprocessing
Data pre-processing consisted primarily of three steps: standardiza-

tion of sampling frequency for all locations, identifying and removing
locations with insufficient data, and outlier detection and removal.

Approximately half of the locations had a sampling frequency of
hourly, whilst the sampling frequency was less for the other locations
where observations were typically spaced every 3, 6, or 12 h. Therefore,
requiring hourly observations would mean having to discard half of
the locations. So that more locations could be used, whilst retaining
sufficient sub-daily detail, sampling frequency was standardized to 3-
hourly for all locations by discarding locations where observations
were less frequent than 3-hourly, and down-sampling observations at
locations where they were more frequent than 3-hourly.

There were also periods of missing values in the data. These were
not filled in using data imputation methods, but instead locations with
insufficient data were discarded according to the rule that if a location
did not have at least 85% complete observations (both air temperature
and dew point) for a year then that location was discarded for that
year. This step, along with removal of stations with less than 3-hourly
sampling frequency, resulted in removing approximately 40% of the
locations originally present in the raw data from the ISD. Next, a second
data completeness requirement was applied as not all locations were
represented for all years (especially after applying requirement of 85%
data coverage per year outlined above). So that features capturing
year-to-year variation could be calculated, locations that were only
represented for a single year in the dataset were deleted.

Next, outlier values of temperature and dew point that were clearly
due to error had to be removed. To identify outliers, locations were
split into 10 groups based on 10 equal bands of latitude, and the
distributions of temperature and dew point were examined for each
group, one calendar month at a time. Combining locations within bands
of latitude and taking one month at a time ensured greater power to
detect outliers. For each latitude-band and month, if there was a gap
in the observations of at least 1 ℃ within the lower or upper 5% per-
centiles, then observations below or above this gap respectively, were
labeled outliers and removed from the dataset. The procedure resulted
in removing approximately 0.005% of observations. A final error-
check was to identify observations where the dew point exceeded the
temperature (implying greater than 100% relative humidity). Where
this occurred, if the difference was less than 1 ℃, then the value of the
dew point was replaced with a value equal to that of the temperature.
If the difference was greater than 1 ℃, then a more serious error
was assumed and the observation was deleted. From the temperature
and dew point, additional humidity variables of relative humidity and
absolute humidity were calculated (Sensirion, 2008; Sonntag et al.,
2021).

2.1.2. Data summary
The processed data contained 9024 locations, with

Temperature/Humidity observations potentially every 3 h during the
five-year period 2014 to 2018. The data contained 113,408,506 obser-
vations corresponding to 8.6 GB of memory. The locations are shown
in Fig. 2. USA and Europe have the best spatial coverage, but the
whole world is reasonably represented. Data for all five years was



M. Spooner, R. Ambat, H. Conseil-Gudla et al. Machine Learning with Applications 9 (2022) 100397
Fig. 2. The 9024 locations used for the classification.
Table 1
Number of locations having each amount of data
coverage in number of years in the final dataset.

Number of years Number of locations

2 590
3 942
4 1248
5 6244

Table 2
Meteorlogical Definition of the seasons.

N. Hemisphere S. Hemisphere

1. March – 31. May Spring Fall
1. June – 31. Aug. Summer Winter
1. Sept. – 30. Nov. Fall Spring
1. Dec. – 28. Feb Winter Summer

present for the majority of stations, although many stations also had
years with no data coverage, as shown in Table 1. If all five years
were fully represented by all 9024 locations, then there would have
been (4 × 365+366 days)×(8 observations per day)×(9024 locations)=
131,822,592 observations. However, due to periods of missing data,
the actual number of observations was 113,408,506 corresponding to
a data coverage of 86% of the full potential.

Fig. 3 shows the data for the year 2018 for six locations. Many
differences between the six climates can be observed including varying
degrees of seasonality (Lagos, being closest to the equator having the
least difference between seasons), and differences in temperature and
humidity level and variability throughout the year.

2.2. Feature extraction

For each location, the raw data was converted into a number
of features that are known to be relevant for corrosion reliability
of electronics, and corrosion due to condensation in general. These
consisted of features related to temperature and features related to
humidity. In both cases, the features were designed to capture day-
level patterns as well as seasonal variation and yearly variation. Before
further details on the feature extraction are given, a note on how
the seasons were defined is necessary. Features were extracted by
season, in order to take into account variation in climate at a location,
throughout the year. The widely used approach of dividing the year

into four three-month seasons was adopted (Trenberth, 1983), as shown

4

in Table 2. Note that the definition depends on whether the location
is in the northern or southern hemisphere, i.e., the mean Summer
temperature for Sydney would be calculated from the observations in
December/January/February, whilst in Istanbul it would be calculated
from June/July/August (see Fig. 3) and the resulting summary statistic
would be comparable.

The raw data consisted of eight observations per day of each vari-
able, i.e., every 3 h. To ensure that the extracted features captured
day-level, season-level, and year-level variation, the chosen variables
were first summarized per day. Then each day-level feature was sum-
marized per season. Finally, the season-level features were summarized
across the five years to obtain the final set of features. The temperature
and humidity features are defined in detail below, and the feature
extraction procedure is illustrated in Fig. 4.

2.2.1. Temperature features
Temperature is an important factor influencing the water layer

formation on electronic surfaces and corrosion effects. Temperature
influences the corrosion reaction rate directly (Cai et al., 2018). In
addition, the moisture content in the external atmosphere as well
as the temperature drop required for condensation to form are both
dependent on the temperature. Condensation processes on an electronic
component such as PCBA also depend on the hygroscopic nature of
the ionic residues on the surface, and thermodynamically the so-called
Deliquescent Relative Humidity (DRH) level and Efflorescence Relative
Humidity (ERH) level, both decrease with increase in temperature (Pi-
otrowska et al., 2019). Considering the effect at system level, humidity
entry into the device interior due to diffusion through holes and poly-
mer materials packaging also depends on temperature (Conseil-Gudla
et al., 2018).

It was important that the temperature features quantified both the
average temperature level, as well as the variation within the diurnal
cycles. This was achieved by calculating the minimum, mean and max-
imum temperature per day at each location (each yielding 365 features
per year per location). These features were then further summarized by
season, by taking the minimum, mean and maximum of the day-level
features, within each of the four seasons (resulting in the ‘‘summer-
mean of the day-minimum’’, ‘‘the winter-maximum of the day-mean’’
etc.). There was still up to five instances (for each of the five years in
the dataset) of each of the season level features at a given location, so
in the final stage, the season-level features were summarized by year by
taking the minimum, median and maximum of the season level features
over the five years. The feature extraction procedure is illustrated in
Fig. 4. The procedure resulted in 108 temperature features in total.
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paths from left to right in the figure, which when repeated for each of the 4 seasons
yields the 216 features used in the analysis.

2.2.2. Humidity features
Humidity level is also a key factor for corrosion reliability of elec-

tronics (see Section 1.2). There are many ways to quantify humidity,
such as with relative humidity, absolute humidity, and dew point.
The property of humidity that has most relevance for the corrosion
reliability of electronics or in general for corrosion is its potential for
causing condensation on a surface. A small difference between the
atmospheric dew point and the air temperature means that conditions
on the electronics surface itself are more likely to become conducive to
water layer formation, due to differential temperature or hygroscopic
residues (Piotrowska & Ambat, 2020). Even a brief time period of
close proximity between temperature and dew-point may result in
condensation on the electronics surface (Conseil-Gudla et al., 2022).
As a direct measure of risk of condensation, three new binary humidity
variables were defined to indicate the time (t) when the temperature–
dew point difference (T–DP) is less than 1, 2 or 3 ℃, or 𝑡𝑇−𝐷𝑃<1,
𝑇−𝐷𝑃<2, or 𝑡𝑇−𝐷𝑃<3 respectively:

𝑇−𝐷𝑃<𝑖 =

{

1, if 𝑇 −𝐷𝑃 < 𝑖
0, otherwise

(1)

The 𝑡𝑇−𝐷𝑃<𝑖 features, taken together with the temperature features,
lso indirectly quantify levels of humidity in terms of the dew point,
bsolute humidity, and relative humidity. For example, a rule of thumb
tates that each 1 ℃ increase in the difference between the dew point
nd the temperature corresponds to approximately a 5% decrease in
he relative humidity, starting with 100% relative humidity when the
5

dew point and temperature are equal (Lawrence, 2005). This implies
that 𝑡𝑇−𝐷𝑃<1 = 1, 𝑡𝑇−𝐷𝑃<2 = 1, and 𝑡𝑇−𝐷𝑃<3=1 conditions correspond
approximately to values of relative humidity exceeding 95, 90 and 85%
respectively, although the exact value of relative humidity will depend
on the temperature. These humidity levels correspond to critical rela-
tive humidity levels on PCBA surfaces caused by the presence of flux
residues of various DRH levels depending on the type of flux chemistry
employed for the manufacturing process (Surface DRH reported to vary
between approximately 80%–98% RH) (Piotrowska et al., 2018b).

Features were then extracted from the 𝑡𝑇−𝐷𝑃<𝑖 variables in a similar
anner to the temperature features, by summarizing at day level,

hen at season level and finally across the five years. However, as the
𝑇−𝐷𝑃<𝑖 variables were binary, taking the maximum and minimum per
ay would not be very informative. Instead the percentage of obser-
ations per day where 𝑡𝑇−𝐷𝑃<𝑖=1, for 𝑖 = 1, 2, 3 was calculated. Then,
ithin each season, the mean of the day-percentages, the standard
eviation of the day-percentages and the percentage of days when the
ay-percentage was zero, were calculated. Finally, the features were
ummarized across the five years by taking the minimum, median
nd maximum. This yielded 108 humidity features in total and so
emperature and humidity were equally represented in terms of number
f features.

.3. Principal component analysis of features

Feature extraction resulted in 216 features for each of the 9024
ocations. The aim was to cluster the locations into clusters of similar
limate using the 𝐾-means algorithm. This method is often sensitive
o ‘‘the curse of dimensionality’’ where the difference between the
earest and the farthest point to a given point becomes increasingly
eaningless in higher dimensions (Hastie et al., 2009). Certainly, the
16 dimensional feature space (despite representing a considerable
eduction in the starting dimensions of eight observations per day for
ive years corresponding to 14,608 observations for each variable) was
ikely to be problematic for the 𝐾-means algorithm. In addition, many
f the features were highly correlated. Therefore, it was natural to apply
rincipal component analysis (PCA) to the features in order to reduce
he dimensions further. PCA finds a linear transformation of the data
o obtain fewer dimensions that are uncorrelated, whilst retaining as
uch relevant information as possible (Jolliffe, 2002). Let �̃� be the

𝑛 × 𝑝 matrix of 𝑝 = 216 features at the 𝑛 = 9024 locations. Then, let
𝐗 be the scaled version of Let �̃� obtained by taking each column of Let
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Fig. 5. Mean WCSS against the number of clusters, 𝐾, for 𝐾-means (circles) and for
Köppen–Geiger (triangles).

�̃�, subtracting the mean, and dividing by the standard deviation. Then
PCA decomposes 𝐗 as

𝐗𝑛×𝑝 = 𝐓𝑛×𝐿𝐏′
𝐿×𝑃 + 𝐄𝑛×𝑝 (2)

where 𝐿 ≤ 𝑝 is the number of retained components, 𝐓 contains the
omponent scores, 𝐏 contains the loadings and 𝐄 contains the error.
he aim of PCA is to retain as few components, 𝐿, as possible without

osing too much information. Many methods for selecting 𝐿 have
been proposed Hastie et al. (2009). In this work, 𝐿 was selected as
the minimum number of components required to explain 85% of the
variation. This resulted in a value of 𝐿 = 5 retained components, which
explained 86.6% of the variance in 𝐗.

2.4. Clustering of station locations with 𝐾-means

Using feature extraction followed by PCA, the five years of climate
data at each location were summarized by 𝐿 = 5 latent variables.
The next step was to classify the climates into a limited number of
climate classes, such that locations assigned to the same class had a
more similar climate than locations assigned to different classes. There
exist many algorithms for clustering data. An overview of clustering
methods is given by Saxena et al. (2017). One of the most popular
algorithms for clustering data is the 𝐾-means algorithm (Hastie et al.,
2009). This algorithm assigns observations to 𝐾 clusters by aiming to
minimize the sum of squared distances of each observation to its cluster
center-point, known as the within-cluster sum of squares (WCSS). The
algorithm begins by randomly selecting 𝐾 points to be the 𝐾 cluster
centers. Then the following two steps are repeated until convergence
is achieved, i.e., the cluster assignments do not change, or until the
number of allowable iterations is reached:

1. Each observations is assigned to the cluster of the closest cluster
center

2. The cluster centers are re-calculated by taking the mean of the
observations within each cluster

The number of clusters, 𝐾, must be specified before the algorithm
is applied. The choice of 𝐾 depends on the purpose of the clustering. In
some cases, external factors may dictate the appropriate 𝐾 to use. For
example, if the data must be split into a specific number of segments
for a particular problem. More commonly, 𝐾 must be selected based
on the data itself. Then, the usual approach is to apply 𝐾-means for all
alues of 𝐾 of possible interest, and select the final value based on an

valuation of the total WCSS corresponding to each value of 𝐾 (Hastie
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et al., 2009). The Total WCSS will inevitably decrease, as 𝐾 increases.
owever, the idea is that Total WCSS will decrease at a faster rate for
smaller than the optimum value, and at a slower rate for 𝐾 greater

han the optimum value, so that the optimum value of 𝐾 should be
evealed as an noticeable bend, or elbow, in the plot of Total WCSS
s. 𝐾. The elbow will be more obvious in cases where the data has
n inherently clustered structure. Fig. 5 shows the WCSS against 𝐾 for
he 𝐾-means clustering applied to the PCA scores. The Köppen–Geiger
lustering referred to in the Fig. 5 is discussed in the following section.
CSS decreases rapidly as 𝐾 increases from 1 to 5, and decreases less

apidly as 𝐾 increases above 5. This suggests that 𝐾 = 5 is a reasonable
umber of clusters for this data, although values of 𝐾 in the range 4 to
0 could be considered equally plausible based on the plot. However,
he familiar and widely used (in for example, IEC 60721-1:1990) KGC
as 5 main classes suggesting that 5 has proven to be a reasonable and
ractical number of classes to use.

The 𝐾-means algorithm names the 𝐾 clusters with the numbers 1 to
, but the ordering is arbitrary. Therefore, once the clusters were iden-

ified, they were relabeled by calculating the mean absolute latitude of
ll locations assigned to each cluster, and labeling the clusters with the
umbers 1 to 𝐾 in ascending order of this value.

.5. Nearest neighbor interpolation of global land surface

Having successfully clustered the 9024 stations into 5 climate
lasses, the final step was to extend this classification to every point
f land on the earth’s surface. This was done by constructing a grid of
ells covering the earth. The dimensions of each grid cell were 5 arc
inutes of latitude and longitude resulting in 12 cells per degree of

atitude or longitude. The climate map from Kottek et al. (2006) was
sed as a template to construct this grid, including the categorization of
ach grid cell as either land or ocean. Then the nearest station to each
ell in the grid was identified based on Euclidean distance in three-
imensional space under the assumption of a spherical earth. The cell
as then assigned the climate class of the nearest station. In this way,

he entire landmass of the earth could be classified as illustrated in
ig. 6.

. Results and discussion

The Climate classification using parameters important for corro-
ion obtained from the methods described in the previous section is
resented in Fig. 6(b). This classification is hereafter referred to as
he Corrosion Reliability Climate Classification (CRC). No geographi-
al information was used in the clustering, but as locations that are
eographically close, also tend to be similar in climate, the climate
ones appear as large regions on the map. The geographical separation
etween the climate classes is well defined, although classes 3 and 4
ppear to mix slightly in North America and Europe. This may be due
o the larger number of locations present in this part of the world (see
ig. 2), allowing for a much more detailed geographical classification.

Before further discussion of the proposed climate classification,
nd the properties of each climate class, a comparison of this new
lassification to the traditional KGC is presented.

.1. Comparison to Köppen–Geiger classification

Several approaches were applied in order to compare the proposed
RC to the KGC: visual inspection of the two classification maps,
ross tabulation of land area coverage by each climate type according
o each classification, evaluation of the WCSS corresponding to each
lassification framework, and finally, examination of the distribution
f mean temperature and 𝑡𝑇−𝐷𝑃<3 of locations assigned to each class in
he two systems.

The KGC map from Kottek et al. (2006) is shown in Fig. 6(a). A
isual comparison to the CRC in Fig. 6(b) suggests that CRC zones 1
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Fig. 6. (a) Köppen–Geiger climate classification and (b) Proposed climate classification for electronics reliability.
Table 3
Cross tabulation of land area covered by each CRC zone (1 - 5) and each KGC zone
(A - E) in units of 100,000 km2.

KGC Zone

A B C D E

CRC
Zone

1 224.6 28.7 84.3 0.3 2.1
2 76.7 316.9 30.4 2.4 5.8
3 1.1 85.2 63.7 51.0 11.7
4 4.0 0.5 42.6 53.6 4.9
5 0.8 7.6 1.9 216.9 205.5

and 2 cover similar regions to KGC zones A and B respectively, whilst
there is less of a correspondence between CRC zones 3, 4, and 5 and
KGC zones C, D and E. This is also reflected in a cross tabulation of
land area covered by the CRC zones against land area covered by the
KGC zones (Table 3). Table 3 indicates that CRC zone 3 is a mixture
of KGC zones B, C and D. CRC zone 4 is a mixture of KGC zones C
and D, and CRC zone 5 is a mixture of KGC zones D and E (Table 3).
7

There is no clear one-to-one correspondence between the KGC and CRC
zones. This confirms that clustering based on Temperature and 𝑡𝑇−𝐷𝑃<𝑖
features results in a very different classification than clustering based
on Temperature and Precipitation.

As a measure of goodness of fit of the KGC vs CRC methods, the
WCSS (previously used to select K in Section 2.4) was considered. The
KGC is a hierarchical classification with three levels, and so the KGC
contains within it three different classifications, each with a different
number of classes, depending on which level is chosen. At the top level,
there are the 5 main climate classes. These main climate types are
then subdivided based on seasonal precipitation patterns resulting in
the second level of 14 climate classes. These classes are then further
subdivided based on temperature features resulting in the third level
of 31 climate classes. The WCSS was calculated in the latent space of
PCA scores for each of these possibilities in the KGC framework and the
values are shown in Fig. 5. This shows that the WCSS is much less in the
CRC (𝐾-means) clustering than the KGC clustering, for any K greater
than 1. Even the 31-class KGC has a much greater WCSS than the 2-

class 𝐾-means classification. Of course, the 𝐾-means approach directly
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Fig. 7. 𝑡𝑇−𝐷𝑃<3 vs. mean Temperature per location for the proposed electronics reliability clustering (left) and the Köppen–Geiger clustering (right).
Fig. 8. Summary of average conditions per month in each of the proposed climate zones. Top: Temperature mean (black line) and 95% reference interval (colored band). Bottom:
Percentage of 𝑡𝑇−𝐷𝑃<1 (circles), 𝑡𝑇−𝐷𝑃<2 (triangles) and 𝑡𝑇−𝐷𝑃<3 (squares) observations in each month.
T
i
d
g

minimized WCSS within the latent PCA space, whilst the KGC is based
on different features so WCSS is expected to be less for 𝐾-means. Even
so, it is interesting to note the very large difference in WCSS.

Next, the means of all temperature observations, and of all 𝑡𝑇−𝐷𝑃<3
observations, were calculated for each location. These two features are
a huge simplification of the data compared to the features used in
the clustering, which were calculated at day, season and year level.
However, they are useful for summarizing in two easy to visualize
dimensions. The values are plotted and colored according the 5-class
CRC, and the 5-class KGC in Fig. 7. There is a much clearer separation
of points in the CRC than the KGC, especially in the 𝑡𝑇−𝐷𝑃<3 axis. In
the KGC, besides climate type B that has generally lower 𝑡𝑇−𝐷𝑃<3, all
the climate types span a large, overlapping range of 𝑡𝑇−𝐷𝑃<3 values
spanning from around 10% to around 80%, and so the KGC is not so
useful for distinguishing between different levels of condensation risk.
The CRC approach more clearly separates climates into high and low
temperature, and high and low condensation risk.

3.2. Summary of the proposed climate classes

Referring to the mean Temperature and 𝑡𝑇−𝐷𝑃<3 of all locations in
Fig. 7, the five climate classes in the CRC can be characterized as 1:
 p
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high temperature/high humidity (Hot–Wet), 2: high temperature/low
humidity (Hot–Dry), 3: low temperature/low humidity (Cool–Dry), 4:
low temperature/high humidity (Cool–Wet), 5: Polar (Cold). Here the
descriptors hot/cool/cold/dry/wet are used loosely to describe the
zones relative to each other. For a more detailed characterization of
the CRC climates, the conditions in each climate class for each month
of the year were examined. In the Northern hemisphere, the month
numbers start with January as month 1 to December as month 12,
whilst in the Southern hemisphere the month numbers correspond to
July as month 1 to June as month 12, in order to take into account the
opposite seasons of the hemispheres. For each month, and each climate
class, all observations from all locations and years were extracted and
the mean temperature was calculated. The 2.5 and 97.5 percentiles
were calculated to obtain the reference interval containing 95% of all
temperature observations. In addition, the percentage of observations
satisfying the 𝑡𝑇−𝐷𝑃<1, 𝑡𝑇−𝐷𝑃<2 and 𝑡𝑇−𝐷𝑃<3 conditions was calculated.

he results are shown in Fig. 8. The highest 𝑡𝑇−𝐷𝑃<𝑖 percentages occur
n Zone 4 (Cool–Wet zone), during months 11 and 12 with 𝑡𝑇−𝐷𝑃<1 con-
itions occurring 35% of the time. The seasonal difference of 𝑡𝑇−𝐷𝑃<𝑖 is
reatest in zone 4. Even so, the zone 4 month with the lowest 𝑡𝑇−𝐷𝑃<1
ercentage (month 6 at 16.1%) almost matches the highest 𝑡
𝑇−𝐷𝑃<1
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percentages in zones 1 and 5 (17.5% in month 12 and 17.4% in month
9 respectively), and greater than the highest 𝑡𝑇−𝐷𝑃<1 percentages in
zones 2 and 3 (2.9% and 9.6% respectively).

Although 𝑡𝑇−𝐷𝑃<𝑖 is very high in zone 4, the mean monthly temper-
atures are quite low ranging from −0.1 (month 1) to 17.5 ℃ (month
7). The mean monthly temperatures in the Hot–Wet zone (zone 1)
range from 16.1 (month 1) to 26.7 ℃ (month 7), and in this zone the
𝑡𝑇−𝐷𝑃<1 percentage is quite consistent from month to month (ranging
from 12.0 to 17.5%). The driest zone is zone 2 (hot–dry), but even here
𝑡𝑇−𝐷𝑃<1conditions are not completely absent and occur on average 0.7–
2.9% of the time (month 5 and month 12 respectively). The so-called
cool–dry zone 3 has 𝑡𝑇−𝐷𝑃<1monthly percentages ranging from 4.2 to
9.6%, which is somewhat higher than the hot–dry zone 2. Finally, the
cold zone 5 is much colder than the other zones, with mean monthly
temperature of down to −15.9 ℃.

3.3. Use of CRC for designing humidity robust electronic products

The classification shown in this paper is specifically made in con-
nection with corrosion reliability of electronics. The CRC will be more
useful for providing general information on aggressiveness of different
regions, which will help not only in the design stage for corrosion
robustness, but also to predict the relative performance of the device
under specific climatic conditions. For example, in electronic systems
such as pumps used in cold-water applications, condensation can occur
on the pump depending on the combination of dew point of the
climate as well as temperature of the cold water. Using the above
classification, the possibility of condensation in the region of use can be
broadly defined using the dew point variation data as well as cold-water
temperature.

4. Conclusion

A new climate classification suitable for aiding design, testing and
lifetime estimates of electronic enclosures for providing better humidity
protection has been presented. This classification is based on features
specifically defined to be relevant for climate reliability of electronics,
based on domain knowledge of this application. The classification was
shown to more effectively separate climates based on temperature and
condensation risk than the currently used KGC. An analysis of each of
the new climate classes revealed that 𝑡𝑇−𝐷𝑃<1 conditions can occur in
each climate class at all months of the year, so the risk of condensation
must be taken seriously no matter the geographical location.

Although 𝐾-means clustering was applied in this work, other clus-
tering methods could have been used instead which would result in
alternative climate classifications. However, without an objective re-
sponse variable (such as product failure data around the world), there
is little basis for selecting one clustering method over another. Choice
of clustering method for this application remains a topic for future
research.

In addition to the specific classification presented in this paper, it
is hoped that the methods described can be adapted to a wide range
of cases to obtain case-specific climate classifications. Even within
the field of electronics reliability, different manufacturers may require
different classifications, for example, with differing numbers of climate
zones. In this age of cheap computational power, and widely available
data, there is no need to be limited to a single climate classification. Cli-
mate change provides additional motivation for a flexible classification
that can be updated.

The issue of how to test product designs based on the climate
classes has not been considered in detail. In future work, it is our hope
to expand the classification to define suitable mission profiles of the
climate variables for each class. Such mission profiles should more
closely reflect the observed climates, and the dynamics of changing
conditions over time, in contrast to the extreme conditions often used
to test products today. In the present work, the climate classification,
and associated class summaries, should prove useful for product design

considerations.
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