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Abstract

Variations in meteorological variables greatly infence socioeconomic activities,
especially in developing nations such as Nigeriaowkver, routine meteorological
data are limited to a few variables. Though, unalailevariables can be estimated
from the available ones, the transfer functions awecting the available routine
parameters and the unavailable ones do not exigtisTpaper provides the transfer
functions by grouping 36 observed micrometeoroladiparameters from Nigerian
Micrometeorological Experiment 1 (NIMEX_1) for suleguent estimation of
parameters in each group from a member of the grodme NIMEX_1 was carried
out at lle-Ife, Nigeria in 2004 between Day of yeab6 and 68. Principal component
analysis is used to reduce the dimensionality inetlobserved data while cluster
analysis is used to group them into variables wisimilar variances. Thereafter,
polynomial regression is used to estimate somealalds in a cluster from a member
of the cluster.The cross-validated coefficient ofétdrmination between observed and
estimated parameters ranges between 0.64 and 0.88Mer, the cross-validated
root mean square errors are mostly less than thenstard deviations in the observed
data. Therefore, the obtained transfer functionsare applicable in
estimatingmeteorologicalvariables in areas with gian weather conditionsto the
prevailing weather during NIMEX_1 experiment.
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1.0 Introduction

Variations in micrometeorological parameters haweaginfluence on the socioeconomic, agricultunelustry, healthand
climate [1]. Most importantly agricultural produdty is directly linked with variations in agro-nestrological variables. To
this end, routine data of meteorological variatdes usually available through the MeteorologicakAgjes in different
countries. However, the routine data are mostlyitéich in variables. Comprehensive data are only lalvl@ during
specialized field Campaign, which are mostlydoneAlbyospheric Scientists. These are not continuaeabse they are
usually set up to achieve a specific aim and dffteraim is achieved the experiment will be stopgiade the field campaigns
are not to duplicate the efforts of the MeteoratagjiAgencies in routine measurements of meteorcédgbarameters.
Preservation of the meteorological sensorsis afgmoitant to the Atmospheric Scientist for them dstllonger and be
applicable in future experiments, knowing the diifties usually encountered in acquiring the eq&pm

In a screen house usually employed for all yeandoproduction of seasonal crops such as tomatbés,of paramount
importance to monitor the variations in meteoratadjiparameters for prompt detection and actionregjainy unsuitable
condition for the plants. At times, the sensors exgerts may be available to monitor the variationsnd outside the screen
house comprehensively, but this is not always #secOnly simple variables such as temperaturdeanonitored by the
agriculturalist.Nevertheless, dimension reductiod alustering of a pool of micrometeorological adtes will permit the
estimation of some variables from other variahfes few parameters can be measured.

A number of estimation studies have been done ldrad radiation and soil surface temperature usihgr meteorological
variables. Among which is the workon estimationgtdbal radiation over Iraq [2] using maximum tengdare, relative
humidity and clearness index. The same parameteestamated over Indiausing total precipitable watstent in a vertical
column [3]. Over Nigeria also, routine meteorol@jiwariables were used to estimate solar radiaddn Soil surface
temperature which is not available as routine megsent was estimated from air temperature andesiberature at 5 cm
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depth [5].This was based on the established pHhysétationship between the solar radiation, soiffate and soil depth
temperatures.Only a few parameters have been éstrfram other parameters [2-5], so a comprehertsaresfer functions
for estimating the unavailable parameters in rautireasurements is still needed.

In 2004,a number of Atmospheric Physicists and Mietegist collaborated with German Scientist to rgaout
micrometeorological experiment at Obafemi Awolowaikersity in lle-Ife (7 33'N and 4 33' E). The experiment was
tagged ‘Nigerian Micrometeorological Experiment UNEX_1)'. The NIMEX_ l1was a comprehensive experimaritere
over 40 metrological variables were measured [BESE variables co-vary together, so the covariaanebe used to group
them into clusters.This experiment provides enaugimber of micrometeorological variables for thipayof analysis. Such
experiments are scarce. Details of the NIMEX_1 expent, the micrometeorological parametersand theépenent used in
observing themare well documented[6,7,8]. This palperefore aims at providing transfer functions felating the routine
observed meteorological data to the unavailablamaters for subsequent estimation of such parasneter

2.0 Data and Methodologies

21 Data

The data used in this study are the profile measenés from NIMEX_1 experiment. The variables uaed their profile
height or depth are listed in Table 1. Howeveraief the experiment and the equipment used atedecumented[6, 7,
8]. Fifteen days data at 30 minutes interval, fiday of Year (DOY) 54 to 68 in 2004 (25 FebruanBtiarch) are used in
this study. The quality of the data is tested folltg Adeniyi and Ogunsola [8]. Visual check is atbone to remove any
unreliable data [9]. DOYs 54 and 55 are only usedtfoss-validation.

Table 1: Micrometeorological parameters used in this staly their profile heights

Parameter Abbreviation Levels (m)

Wind speed W1- W8, 0.7,1.2,2.2,3.3,5.2,10.2, 14.8
Wind direction wdr 14.8

Wet bulb temperature Twl-Tw3 0.9,4.9, 10.0
Dry bulb temperature Td1-Td3 0.9,4.9, 10.0
Soil temperature Ts1-Ts3 0.05, 0.10, 0.30
Soil heat flux Hf1-Hf3 0.02, 0.10, 0.30
Soil moisture Smt

Global radiation Glob 15

Net radiation Rnet 1.7

Longwave downwelling

Radiation Lwd 1.7

Longwave upwelling

Radiation Lwu 1.7

Shortwave downwelling

Radiation Swd 1.7

Shortwave upwelling

Radiation Swu 1.7

Air pressure Press 1.0

2.2 Methodology

The PCA is used to reduce the dimensionality indhenal micrometeorological variables. Therealterarchical cluster
analysisis used to group the observed data int@anveg related clusters. These are done to be abtepresent many
variables with only a few without loss of signifitainformation about the original data. Any needettiance of any
particular variable in a cluster can then be olet@ifrom a variable in such a group. Without meiaguall the variables,
information about them can be obtained from oné/féw that are measured.

2.2.1 Principal Component Analysis

The diurnal meteorological variables are first sghgd to Kaiser—Meyer—Olkin Measureof Sampling Adery (KMO) and
Bartlett's Test ofSphericity (BTS). Details of tteggnificance of the two tests are stated explicitlyAdeniyi [10]. A
significance value of 0.05 is necessaryfor a PpaiciComponent Analysis (PCA). To identify modeswafiability in
thediurnal meteorological variables,a P-mode PC/A wanducted.PCA can only be conducted on normatirilouted
variables so highly skewed variables such as rhimfa exempted from the analysis.

The P-mode PCA is employed in this study to redheedimension of the observed micrometeorologieaiables with little
or no loss of the variability in the data. In thizde, the different micrometeorological variabbdsfrom one station are the
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columns while the rows are the time in half houf$iis PCA mode usually results in component loadifigs
micrometeorological parameters which identify growb parameters that co-vary together. The reguttomponent scores
are time and the scores reveal the time of impbstaniations in the parameters.The P mode PCA iglgcted on 13 days
(DOYs 56-68 in 2004) half hourly data of 36 micrdaewological variables (Table 1). The 36 variatdes the columns
while rows are time (half hours).

Since the variables are all from one station, titapendent real valued scalar fielg$) @re considered, t denotes time. The
time dependent fields(§ are represented as finite dimensional timeeseri

5 () = (s(t), S, (1)-...5 (1)) (1)
for 1<i <N, where N is the number of micrometeorological variables)(B6e P-mode PCA makes use of a

transformation in variable spaceto identify modésariations such that an approximate expansiothefdata uses only a
small numben<N of variables without much loss of information.dentifies the dominant modes of variation in thtadat.
The expansion of the dataset in the time serigven by:

n

s(t) = Z a, (t) py )
k=1
Wherep, are orthogonal variables.

The time expansion coefficiere (t) are calculated by projecting the data onto tikeogional variables.

The principal components are derived from correfatnatrix in order to standardize the covarianoenfthe different scales
of the different micrometeorological variables. §hvill give equal weight to each variable such ttet original variable
with the highest variance will not dominate thenpipal components. Varimax (orthogonal) rotatisnused for easy
interpretation of the PCs [10-13]. The uncorrelatethponents output from orthogonal rotation satik&/requirement of the
cluster analysis. A number of criteria have beesdu® truncate the PCs such that only the sigmificanes are retained.
They are: The scree plot [14], the PCs with eigeresgreater than one [15] and number of PCs thplagx a threshold
percentage variance in the original data [16], émtion a few.

2.2.2 Cluster Analysis

Cluster analysis is carried out on the principahponentloadings of the retained modes of varighibt group the diurnal
meteorological data. Cluster analysis usesa measfiraistance to group observations within adatadedreby
classifyingit[17].The retained principal componelaadings are subjectedto hierarchical methods ofsteting and
latermerged based on the intra- and inter-clas#asity. The squared Euclidean distance is usethassimilarity measure.
Ward method of clustering [18] is used based omrdtmrted effectiveness in clustering of meteorialalgvariables [10,
11].The method is based on minimum sum of squai#isinsmhe resulting clusters has been found to ediggm other
clustering methods such as average linkage; neaeggtbor and centroid [10]. The number of clusterretain is based on
the rule of Clark and Hoskingin equation (3) [19];

k =1+ (33log,, N) (3)

wherek = maximum number of clusters aNds the number of items (micrometeorological vaeabto be clustered.

2.2.3 Polynomial Regression

Linear regression models, which are usually emploiye estimating a parameter from one or more off@ameters is
applied to each cluster of micrometeorological afales [10, 20, 21].Polynomial regression modelsdanesloped to provide
the transfer function for each meteorological Malgebased on any of the variables in the same gngtipthe variable. If the
relationship between the variables is not linedymamial regression of higher order is applied.dBéte Fourier transform is
also applicable when physical relationship is disthbd amongst variables. In this paper, any oodgrolynomial that best
represent the relationship between two variabldishsiestablished and can later be applied to estirthe predictand from
the predictor.

Let the predictand (dependent variable) be y ardotiedictor (independent variable) be x. The refedhip between x and y
can be found by fitting the polynomial of order 2......... n until the best fit is found. Polynomial of orde can be
represented as matrix equation (4a).
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. where k is the degree of the polynomial, and the number of data points.

The matrix equation (4a) represents k+1 simultasesguations having (k+1)unknowns. Each side ofeteation has
dimension (k+1x1). The coefficients are obtainedblying the matrix depending on the available ¢ grlata points.
Equation (4a) is equivalent to

T _ T
[ [Ma=[x"y (40)
The solution to the equation is obtained by leftitiplying both sides of the equation by the inweds the first matrix on the
left hand side of the equation.

(" XD X" [ = ("< (X" y
[ =" XD [X"y

Cross-validation

Thirteen days data from DOY 56-68 are used to tfaénpolynomial regression models while DOYs 54 &hdlata are used
to validate the models. This is to ensure the feaability of the models and their performance atadoutside the training
period. Cross-validated correlation, coefficientdefermination (B and Root Mean Square Error (RMSE)

3.0 Results

3.1 Data Quality

The surface temperature data has some missingsvatu®OYs 55,57 and 61 so the variable is excldd®d the analysis.

Also,rainfall and Hf2 are highly skewed (skewnesk7=and -4.8respectively), so they are also exdudé¢he analyses. The
skewnesses of the selected variables for the dsays mostly less than 1 and greater than -1. @rfgw are outside the
range, so the selected variables are approximatelyally distributed.

3.2 PCAand Cluster Analysis Results

The KMO and BTS reveal the suitability of a PCA lgsis in the diurnal micrometeorological data frodtMEX-1 station.
The KMO value of 0.914 obtained is a superb vatuePiCA which reveals the existence of distinct goaf variables in the
data set which can be identified by PCA. The sigaifce of the BTS test is also high (P < 0.001}, theans that there are
common variance among the micrometeorological béegfor the PCA to identify. The PCA conducted6@d half hourly
data points for36 variables results in five PCswéthenvalue greater than one.Furthermore, the atimelpercentage of
explained variance by the PCs is above 90% so #iseKrule is applied [15].Hence, five PCs withegigalue greater than
one which explain 92.4% of variance in the origidata matrix are retained for cluster analysis. fdtained rotated PCs 1
to 5 explain 41.7%, 18.6%,17.9%,10.5% and 3.7%aofance, respectively in the 36 micrometeorologicaiiables. The
PC1 is the most important mode of variation hawvigd speed as its variable of importance. The Rgtlihgs for the
important variables a&0.95. This mode is evident on DOY 57 in the everfBi80 pm local time). At this time convection
ceases because there is no input from the sun.efbiner wind variations take charge of the atmospherixing and
turbulence. The variable of importance in PC2 is Hoil temperature at 5cm. The other importantaideis have PC2
loadings >0.86. The mode of variation is evident @BY67 at 5:30 pm local time. Based on the synopt&ather
observation, there was no rain on DOY67 but posibility persisted throughout the day, this reveals presence of high
level aerosol on that day which can act as greeisdigas. By 5:30 pm local time, top soil layershat day have relatively
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high temperature because they are been heatecelyotigwave downwelling radiation from the aeroggieenhouse gas
effect), they have also been heated slightly bystireand they have not yet released the wholetbeearm the atmosphere.
Though there is no input any longer from the sha,doil is hot because of the residual heat tHastnot yet released based
on its higher soil thermal conductivity than aihelTLongwave downwelling radiation is also importantthat day but in the
negative sense (PC2 loading <-0.68). By definititig longwave downwelling radiation is the thermraadiance that
reaches the earth's surface in the infrared spad@100 £ m), not in the shortwave form that is directly frohe sun. The

poor visibility on DOY 67 justifies the use of grd®usegas effect to explain the significance ofjleawve downwelling
radiation on that day. The radiation variablestaseimportant variables in PC3 mode of variatiohjlevthe net radiation,
global radiation, short wave upwelling, short wal@vnwelling and longwave upwelling radiations amgportant in the
positive sense, the longwave downwelling radiat®important in the negative sense, such that whewalue of longwave
downwelling radiation is reducing the values of tiher radiation variables are increasing and viEesa.This reveals the
ability of clouds and other atmospheric constitseiot absorb and re-emit solar radiation. They bisalar radiation from
reaching the earth's surface on days when the atreos consists of them in high proportion. The @ffef PC3 mode of
variation is evident on DOY 67 at 12:30 pm locahdi which is the peak time of solar irradiance iis #rea[22].Wet bulb
temperature dominates the PC4 mode with PC loa&irtj95. The highest score for PC4 occurs at 11:30o&al time on
DOY 58. This is usually the period when the highmidityin the early morning hours begins its dec@ntning point)
towards its minimum value as a result of the insir@ solar irradiance towards maximum solar irradéaand the associated
evaporation. The PC5 is the least significant P€,important variables have PC loadings >0.4 anddahding variable is
soil temperature at depth 30 cm (Ts3). This modevasfation is evident at 8:00 pm local time on D@8. Synoptic
condition recorded for the day shows that it raiskhdrtly before 8:00 pm on that day, the rain wasrtslived. This would
have cooled down the top soil, but because it @tdlved the deeper soil layer is not likely to &igected. So the high and
dominant temperature at that time would be therneasured from the deepest soil layer,Ts3.

3.3  Cluster Analysis Results

Varimax rotated PC loadings are used for the diustalysis and based on the rule of Clark and Hhaski9] six clusters are
specified. Cluster one consist of moisture relatedables Twl, Tw2, Tw3 and Smt. Cluster 2 cossigtTd1, Td2, Td3,
Ts1, Ts2 and Hf3. Cluster 3 consists of Ts3, Lwd &mess. Cluster 4 consists of the wind speed wiv&p standard
deviation of wind 1 (swl) to standard deviationvahd 8 (sw8) and Lwu. The wind direction is lefoaé in cluster 5.
Cluster 6 consists of Hf1, Swd, Swu, Glob and Rnet.

3.4  Polynomial Regression Results

Variables that co-vary together and fall within 8zame cluster are examined.Physically clear relgliips amongst variables
are then explored for estimation of a variable frany of the remaining variables in each clustere ©htained regression
coefficients (Table 2) are then applied to anotti@ia set not included in the training of the regj@s model, precisely
DOYs 54 and 55. This was done for cross-validatibthe models. Wet bulb temperature at 5 m (Tw2) &dm (Tw3) are
estimated from observed wet bulb temperature atHeight, Twl. The cross-validated correlations imletd are very high
and significant at all levels of significance (0.1805%). The R2 is greater than 0.93 (Figs. lalanfable 3). The RMSEs
are less than the standard deviation in the obderw® and Tw3 data (Table 3). This means that stienated values agree
with the observed at 99.7% confidence level.
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Table 2: Polynomial coefficients obtained for the polynohriegression models. Tw2, Tw3 are estimated fron1.TWd2,
Td3, Tsl and Ts2 are all estimated from Td1. W&sismated from W1 while Hf1, Rnet, Swd and Swuestmated from

global radiation.

Tw2 Tw3 Td2 Td3 Tsl Ts2
-1.81E-13 -2.22E-13 6.13E-17 -1.04E-16 -9.70E-16  .94F-16
5.58E-11 6.84E-11 -1.91E-14 3.79E-14 3.37E-13 2.I3E
-7.97E-09 -9.77E-09 2.64E-12 -6.26E-12 -5.28E-11  .31E-11
6.98E-07 8.56E-07 -2.15E-10 6.13E-10 4.92E-09 4-09E
-4.19E-05 -5.144E-05 1.12E-08 -3.95E-08 -3.02E-07 2.46E-07
0.00183 0.0022458 -3.91E-07 1.74E-06 1.27E-05 HOBE
-0.059896 -0.0735395 8.93E-06 -5.2E-05 -0.00036 00@B
1.496453 1.837712 -0.00012 0.001029 0.006841 0%®55
-28.7384 -35.296565 0.000833 -0.01093 -0.0695 anns
423.5308 520.20166 0 0 0 0
-4737.759 -5818.8306 0.002975 1.308774 7.64111 8639
39302.18 48262.812 0 0 0 0
-231455.7 -284153.78 -28.4293 -419.373 -2257.02 301
886934 1088484.9 611.537 6343.306 32829.45 26616.38
-1759740 -2158647 -4284.23 -34951.5 -174141 -141165
0 0 0 0 0 0
4898719 6001972.6 83992.04 498792.4 2311029 1872983
W8 Hf1l Rnet Swd Swu

4.877015 -6.40E-39 1.60E-38 5.13E-39 6.53E-39

-97.4153  4.52E-35 -1.14E-34 -3.25E-35 -4,.35E-35

872.4505 -1.45E-31 3.65E-31 9.09E-32 1.31E-31

-4623.05  2.78E-28 -6.99E-28 -1.46E-28 -2.32E-28

16098.73 -3.56E-25 8.91E-25 1.47E-25 2.73E-25

-38655.7  3.22E-22 -7.96E-22 -9.14E-23 -2.22E-22

65173.76  -2.10E-19 5.13E-19 3.00E-20 1.29E-19

-76626.8 1.01E-16 -2.41E-16 1.45E-18 -5.30E-17

60029.25 -3.52E-14 8.30E-14 -6.60E-15 1.54E-14

-26458.2  8.87E-12 -2.08E-11 3.35E-12 -3.07E-12

0 -1.57E-09 3.75E-09 -9.13E-10 3.90E-10

8403.706  1.84E-07 -4,79E-07 1.48E-07 -2.73E-08

-5797.65  -1.3E-05 4.26E-05 -1.3E-05 5.76E-07

2025.356  0.000471 -0.00252 0.000573 2.59E-05

-382.525  -0.00388 0.088021 -0.00357 0.000272

35.47775 0.211697 -0.66645 0.839895 0.112591

-0.73683  -39.3992 -34.3209 2.054129 4.608185
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Table 3: Standard deviation (STD) in observed and crosstasdd coefficient of determination {Retween observed and
estimated data and root mean square error (RMSgStimated data

Parameter STD (Observed) RMSE (Estimated) R
Tw2 1.23 0.25 0.954
Tw3 1.26 0.32 0.939
Td2 3.86 0.83 0.959
Td3 3.82 1.03 0.933
Tsl 412 3.02 0.918
Ts2 2.62 3.38 0.643
w8 0.39 0.25 0.706
Hf1 45.25 16.79 0.960
Rnet 172.34 81.67 0.897
Swd 303.25 12.03 0.999
Swu 70.62 76.07 0.998
(a) Tw2 observed
26 T T T estimated

Tw2 (°C)

20 1 1 1 1
0130Feb23 1130Feb23 2130Feb23 0730Feb24 1730Feb24 0330Feb25

(b} Tw3

Tw3 (°C)

OlggFebEB IIBOIFebEB 2130|I=eb23 0?30|F9b24 1730||=eb24 0330Feb25
Time
Fig. 1: Half hourly values of observed and estimated wd kemperature at (2) 5 m (Tw2) and (b) 10 m (Th&ghtfor the
cross-validated period (DOYs 54 and 55 in 2004)2Tnd Tw3 are estimated from Twl.
(a) Td2

40 T T T observed
estimated

351

30f

Tdz (°C)

Py -

EO 1 1 1
0130Feb23 1130Feb23 2130Feb23 0730Feb24 1730Feb24 0330Feb25

(b) T3
40 T T T T

351

30t

Tda (°C)

25 [~

20 . . .
0130Feb23 1130Feb23 2130Feb23 0730Feb24 1730Feb24 0330Feb25
Time

Fig. 2: Half hourly values of observed and estimatedlddyp temperature at (a) 5 m (Td2) and (b) 10 m {Trd8ght for the
cross-validated period (DOYs 54 and 55 in 2004thBal2 and Td3 are estimated from Td1.
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Dry bulb temperature at 5 and 10 m, Td2 and Td3aise estimated from dry bulb temperature at 1 di.Trhe cross-
validated correlation is also highly significanthwi® greater than 0.93 (Figs. 2a and b). The root nseaare errors in the
estimated are far less than the standard deviaitiaie observed Td2 and Td3 data. So they agré®.@% confidence level.
Td1 is also used as the predictor in the estimadfosoil temperature at depths 5 cm and 10 cm (Bagand b). The cross-
validated correlationsare highly significant at lalvels of significance (0.1 to 5%) and thé \Rlue >0.64. Adeniyi and
Nymphas[5] estimated soil surface temperature faimtemperature at 1 m and soil depth temperatufecan. Their linear
regression models yielded estimated soil surfangéeature with very low bias.Wind speed at 14.8W8) is estimated
from the observed wind speed at 1 m (Fig 3c).Tlesswvalidated Ris > 0.7 and the RMSE is less than the standard
deviation in the observed W8 (Table 3) So the estih W8 agrees with the observed at 99.7% confeléneel. Global
radiation is used as the predictor for Heat fluxiapth 2 cm (Hf1), Rnet (Fig.4), Swd and Swu (BgThe cross-validated
R? are all greater than 0.9 and their RMSE are a# laan one standard deviation in the observed:saiucept Swu which
has RMSE a little higher than the standard devigiticche observed data. The observed and estindatiadsets agree at 95 %
or higher confidence level depending on the paramet

(a) Ts1
60 T T T observed
estimated

o
= a0}
&

20 ) . . !
0130Feb23 1130Feb23 2130Feb23 0730Feb24 1730Feb24 0330Feb25

(b) Ts2
40 . . . ;

< 30p T SRECITE

)
[

20 ) . . L
0130Feb23 1130Feb23 2130Feb23 0730Feb24 1730Feb24 0330Feb25

(c) W8
4 T T T T

TI-I’.I
E2f
o
E

0 ) X . .
0130Feb23 1130Feb23 2130Feb23 (0730Feb24 1730Feb24 0330Feb25
Time

Fig. 3: Observed and estimated (a)Ts1 from Td1, (b) Tethfifdl and ( ¢) W8 from W1 for the cross-validatestiod
(DOYs 54 and 55 in 2004)

(a) Hi1

150

observed
estimated

— 100}

501

Hf1 (Wm2

O_

_50 o . ta [ .I I'.
0130Feb23 1130Feb23 2130Feb23 0730Feb24 1730Feb24 0330Feb25

{b) Rnet
600 — ; ; .

400

2001

Rnet (Wm™2)

—200 ) . . A
0130Feb23 1130Feb23 2130Feb23 (0730Feb24 1730Feb24 0330Feb25
Time

Fig. 4: Observed and estimated (a) Hf1 and (b) Rnet rctbss-validated period (DOYs 54 and 55 in 20Bé}h Hf1 and
Rnet are estimated from global radiation.
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(@) Swd

observed
estimated
v:\lfH i
E
=)
2 ]
@
_Eﬂﬁ 1 1 1 1
0130Feb23 1130Feb23 2130Feb23 0730Feb24 1730Feb24 0330Feb25
(b} Swu
300 T T T
cuﬁ - -
e 200
)
=
5 100 R

0 L ! A
0130Feb23 1130Feb23 2130Feb23 0730Feb24 1730Feb24 0330Feb25
Time

Fig. 5: Observed and estimated (a)Swd and (b) Swu forrbegsevalidated period (DOYs 54 and 55 in 2004) hBaivd and
Swu are estimated from global radiation.

Reliable estimates of most parameters are foundilpeswith the use of the polynomial regression etaaf order 16. The
high order of the regression polynomial is appliedrder to increase the precision of the estimatddes. This is allowed
because a polynomial of order k can be used tk+Hit data points [23]and the number of data poistsduin fitting the
polynomials is far more than 16. In a day with 3dwmes interval data, there are 48 data pointsth8ee is a total of 624
data points in 13 days used for training the poigiad regression models. High cross-validated datian, R and low
cross-validated RMSE are obtained for most parammetih the use of 92 data points not includedaming the polynomial
regression models. The obtainetl @e comparable with those obtained in previousnesion works. For example, thé R
between estimated and observed global radiation loag [2] is between 0.79 and 0.94.0Over Nigeripdétained R ranges
from 7052 to 7447, the leasfWas found over the Guinea coast. The error in estichglobal radiation over India [3] is
within 20 % of the observed data, whereas the grirothe estimated data in this study are all witht of the observed
values. This is because at 95% confidence levesdt wiothe data are within two standard deviatiomd the RMSE in all the
estimated data are less than two standard devéafiteible 3). The obtained regression polynomiaffaents (Table 2)can
be applied in the estimation of unavailable metkmjical parameters in areas where similar weatheiations to those at
Nimex-1 site prevail.

4.0 Conclusion

Meteorological data are usually available at Mattagical Agencies. However, there is a limit to thailable parameters in
the Agencies. More comprehensive parameters arsureghfor specific research purposes by the Atnergpl$cientists but
such measurements are not routine in nature, tleeysaally for specific periods. The need for datanicrometeorological
parameters that are not included in routine measemés can be met by estimation based on the alajabameters. In this
paper, 36 micrometeorological parameters from NIMEXSite are subjected to PCA and cluster analysesder to group
them according to their common variances. Six ehgsare found and one parameter from each clisteed as a predictor
to estimate the other members of the cluster. Smm@meters could not be estimated, for examplevihée direction which
is alone in a cluster. Non-coherent clusters ase akglected in the regression analysis for estimator example the
cluster 3that consists of Ts3, Lwd and Press; tlsevgeak correlation between the parameters ant sstimation is made.
Other clusters allow the estimation of each ofrtiembers from one parameter in the cluster. Thenattid datasets all have
high R and RMSE within 5% of the observed data. The pmiyial regression coefficients are available for imstne humid
tropical areas with the same weather conditions havailed during the NIMEX_1 experiment. The kation of lack of
data on some parameters can be eliminated witagpkcation of the regression coefficients obtaimethis study.
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