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Abstract— In this study, the correlation between oil palm fresh fruits bunch (FFB) appearance and its oil content (OC) was explored.
The FFB samples were recorded from various distance (2, 7, 10, and 15 m) with different lighting spectrums (Ultraviolet: 280-380nm,
visible: 400-700nm, and Infrared: 720-1100nm) and light intensities (600watt and 1000watt lamps). The FFB images were segmented
and its color features were subsequently extracted to be used as input variables for modeling the OC of the sample. Twenty models
were developed, one for every experiment-setup arrangement, using the MLP-ANN methods. Statistical engineering software was
used to create the models. The number of FFB samples in this study was limited. Consequently, only five out of 20 developed models
were selected and consider as valid to predict the FFB’s OC. The five models were namely UV-15m, UV-10m, UV-2m, Vis1-7m, and
IR1-10m. The coefficient of correlation for each model when validated was 0.962, 0.897, 0.993, 0.993, and 0.401 respectively. For bias
and error, these selected models have root-mean-square error (RMSE) of 2.385, 3.707, 2.868, 3.795, and 6.374. The best of five
selected models was developed for predicting FFB’s OC in Vis1-7m arrangement, i.e. recording FFB images under visible light with
600watt lamps from 7 m of distance.
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result in low CPO vyield [6], while milling the over-ripe
I. INTRODUCTION FFBs will produce low quality CPO [7]. Therefore, the FFBs
should be processed when they reached the optimum
ripeness [8].

Unlike the climacteric fruits [9], where the ripening
process still continue after the fruits harvested [10], the
physiological development [11] of oil palm FFB ceased
lyvhen it was harvested, and the oil accumulation in the fruits
mesocarp and kernel will subsequently stopped [12].

palm products and its derivatives, make up 77.13 % of theHa_rvesting will also trigger dggradatiqn_process of the Oil in
country agricultural sub-sector values in 2013 [1]. However, fruits due to the transformation of oil into free fatty aC|_ds
compared to the closest competitor, i.e. Malaysia and(FFA) [13]. Therefore, the FFBs should be transported into

Nigeria [4], the productivity of oil palm in Indonesia is still processing miIIs_ direct!y after haryest. - .
by far left behind, due to mishandling the crops. Based on this basis, increasing the productivity of oil

Currently, Indonesia only able to produce 1000 kg of palm in Indonesia can be achieyed, among other, by_
crude palm oil (CPO) per hectare, compared to 1400kg byharvestmg the FFBs at the correct ripeness stages, where oil

the Malaysian [5]. The CPO obtained by processing the oll in fr““? reached its .maX"T‘“m amount [14].' Moreover,
palm fresh fruits bunches (FFBs) in mills. The yield and harvesting the FFBs in optimum ripeness will ensure the

quality of the CPO will depend on the FFBs ripeness being cPO prOdl_JCEd by miIIs_ has _the pri_me quality, which
processed. For example, processing raw or unripe FFBs Wi”correspondlngly to the selling price of this product [15].

Qil palm crops Elaeis Guineensis Jacg.) is among the
principal commodities for Indonesian industry that support
the country economy [1]. Its absorb millions of labors in all
of its processes chains [2], from primary products to all the
derivatives. This sector drives the economic growth of this
nation and contributes as one of foreign currency generato
for the country [3]. Furthermore, Indonesia exports of oil
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In order to get FFB at ideal ripeness upon harvest, thehas the capability to observe the FFB under consideration
labors that performed the harvest should correctly identify from a longer distance (15m), compared to previous studies.
the FFB on trees. This proved to be arduous and intricate
tasks [16]. First, most oil palm plantations in Indonesia [I. MATERIALS AND METHODS

employed unskilled laborers with little or no education in This study was carried out on May 2013, in PT. Nirwana
order to pay wages at minimum amount [2]. Secondly, the Alam Lestari, a subsidiary oil palm plantation of PT. Astra

incentive  will be added to the labors wages USINg o | estari, Thk. The study was done in the Nanga Bulik,
commissions system, based on the number, or the tota angkalan Bun, Central Kalimantan, Indonesia (2 ° 05 ' N
weight of FFBs, harvested every month by the worker [3]. and 111 ° 15 E) Geographically fhe location was 20-50
Therefore, in current practice, labors will try to harvest as meter above sea level, a hilly area' with gradient of less than
many FFBs as possible with no regard to the ripeness Stage5504, The local rainfall' was between 2000-2500 mm / year
of the FFBs harvested. This premature harvesting practicewith daily air temperature of 23-32° C, and humidity of 81 o

results in low yield of CPO per hectare since the oil in fruits 92%. The FFBs samples were from cv. Marihat of 8 years
has not yet reached the optimum level [17]. Consequently,old tr'ees '

there is an urgent need to find method for correctly estimated To select a FFB, first, the bunch was assessed by a panel

tr;]e rilpc)jerr]less Or]: FFEI_prior to h]:elrvest. Moreover,fthis melthod of three observers. The FFB considered as ripe based on the
should have tde ability to perform assessment from & 10ng-opsaryation of its color and detached fruitlets. If the panel
range ml hon- egtrutc:jtlve ”.‘a”“er-h | h bled th agrees that the FFB under consideration has reached
Deve opment in detection technology has enabled t eoptimum ripeness, then the bunch selected as a sample. The
assessment of intact fruits on trees as well as differentiation amera was then positioned on the observer's spots, and its
between rpe and hon-ripe fruits [6-8]. The appeara_nce_oflens was directed toward the selected FFB sample on tree to
FFB, mainly the fruits color can be used to determine its record its image. The distance between the sample and
ripeness, based on chromaticity analysis [17]. There are.;mara jens was measured using a digital laser ranging
some correlations between the fruits hue and its olil Content’(DLR130K Bosch, Germany) with accuracy of 1 mm. the
as reported by Ismail et al. [18]. Using a quadratic poly-fit g, qiont intensity was measured using a digital light intensity
model, correlation between fruits color (hue) and its oil meter. Based on the light intensity, the camera was set
content can be established with coefficient of correlation of accordingly including the shutter speéd diaphragm opening
95.41% [18]. Similar method was carried out by Razali et al. 1SO numbér and white balance. The I,ens used on camer:a

[15], u'smg. a_ statistical F-test and _Annova. The FFBs has 30 times optical magnification capability, and when
sample’s oil content were correlated with its color, measuredrecording the FFB sample, its focal length was set so the
in RGB color channel and HSI values from recorded IMage -amera field of view cover anterior section of the FFB with

[19]. The results indicated that the value of hue of FFB an area of 125 x 125 mm. The camera (EOS 60D, Canon
image has a significant correlation level with its oil content. Japan) sensor then recordé the FFB image using 1,6 miIIior;
Using_ a quadratic pon-_fit modeling, the correla_tion of hue pixels resolution. The FFB images were recorded in three
from image and FFB oil content can be established with aojications. Subsequently, the FFB was harvested and
R2 of 0.834. Compared with the report fr(_)m .Ismall et al. brought to the laboratory to perform indoor photogrammetry,
[18]. this result was less accurate, indicating that the ;o chemical analysis as described in Cherie et al. [23].

selection of statistical analysis to develop the model plays a = 1.4 means of RGB and HSI data from EEB images were

significant influence to the accuracy of the model. The third extracted using i . ;
) . g image processing software developed using
study, reported by Ismail and Hudzari [20], used the huethe native Win64 advanced programming interface (API).

cqlor of F.FB images to predict the timing of the harve;t. A The color data were then plotted into a graph and correlated
triangulation method was used to predict the harvest time Ofwith the sample’s oil contents, as measured in laboratory
the FFB under consideration, by comparing its hue data WlthThe value of color variable which strongly correlated with

tEe ;iléb;]ation da_tabas_eh The developed Tgt;%g/c"fl‘% predi(:Ehe changes of sample’s oil content was selected for harvest
the arvest time with a success rate of 92.9%. The SamM@giermination of the FFB. The corresponding color variable

method was validated by Razali et al., [15], with correlation will be used as the threshold value to decide if the FEB
of 92.39%. Nonetheless, all these previous studies hav hould be harvested [24]
many drawbacks, such as limited assessment distance [21], For modeling the 0”' content of FFB's sample, the

and the lack of incom!ng Iight.s.pect.rum segmentgtion by extracted color data from FFB’s images were analyzed using
means of pho_to—seIect|ve—tra_n3|t|ve filters to highlight the statistical engineering software (SPSS 20.0, IBM, USA), by
optical properties of FFB studied [22]. employing multi-linear-perceptron artificial-neural-networks

Based on these, this study will established a non- . vcis (MLP-ANN) [21]. The MLP-ANN method was
destructive assessment technique for determining the oil

£i FEB based -~ cis)elected based on its capability to predict correlations
content of intact - On trees, based on camera Vision ang, e een complex and variety data where its variables have
optical auxiliary devices. Photo-selective-transitive filters

1 b din thi d I he b ical > abstracts covariate. In addition, the ANN analysis has an
will be used in this study to select the best optical propertiesg, .q|jon capability and flexibility for data processing, and
of FFB (i.e. fruits color) for modeling its oil content. The

hni il bsti h b ! de by th user friendly features [25]. The ANN analysis using the
technique will substitute the observation made Dby the \, p \was selected in this study because it offer options for

hz(rj\(e_ster Igbor,hW|th h|gr|1er q?curagy gnd CﬁnS'Sterr]'C.V' Ingenerating model that can predict oil content of FFB based
addition, using the optical auxiliary devices, this technique ,, gitrerent types of input variables and multi-layer of
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coefficients [26]. The oil content model was then validated Where“#ethe corrected is adjusted normalized value of

by comparing Its results W'th laboratory analysis. . the input variable; andis the correction value of 0.02.
The selected input variables for the MLP-ANN modeling It takes real-valued arguments and returns them

g\Fg,nslstudy W?;e Fhe tcolor features. eﬁra?t(ja-g fromblthe unchanged. When automatic architecture selection is used,
SI mages. fF? |gpuBs Wzrl(: cgrr:p:;]se. g \I/arla fe;'this is the activation function for units in the output layer if
namely means of R, b, b, and H, >, 1, the Index values of R,yare are any scale-dependent variables.

G, and B; and the color ratio of Rto G, Rto B, Gto B, G to D ;

’ ! N ' C When calibrating the oil content model, the MLP-ANN
R, B to R and B to G. The FFB’s oil contents measured in algorithm used batch training type, where it used
%formation from all records in the training dataset. Batch

; : . Sf.‘raining is often preferred because it directly minimizes the
the first group consists of 70% of data were used for training .-, error: however, batch training may need to update the

and model calibration, and the rest 30% of remaining dataWeights many times until one of the stopping rules is met
were used to validate the n_10de|. The MLP was set 10and hence may need many data passes. It is most useful for
produce 10 hldden-layers which pr_odqced bes_t correlatlon..sma”er.. datasets. Updating the synaptic weights can be
model. The hyperbolic-tangent activation function was set performed only after passing all training data records.

du:ing tmolcliel c?liblre:tio?r,] inb.order dlet thehtsgﬂmarg tot Optimization algorithm is the method used to estimate the
automatically caicuate the bias and weighte € inpu synaptic weights in this study by applying the scaled

variables in the algorithm, in order to produced oil content ; : : :

- T - conjugate gradient, which can be performed only in batch
pred|ct|c_)n (OCP) model with t_he best coefficient of training types. The optimization algorithm allowed the
correlation (R2 close to 1). The hidden layers produced bysoftware to fine-tune the estimation model

the software contain unobservable network nodes (units). : : ;
; o X : The scaled conjugate gradient algorithm can be used by
Each hidden unit is a function of the weighted sum of the specify the iniial value of the lambda parameter to

|r}p1;]ts. Th_e :]uncnondls the gctlgat'gonr:‘uncthn, a_nd thle V‘F’.‘IEGSO.OOOOOOS, and the sigma parameter to 0.00005. To avoid
'(I)'ht Ewe'% tl_s are ete;mlne_ ﬁ/t ie?nmatl?nzggont M-the local minimum loop, simulated annealing is used to
€ Ryper om-tangei\rgg_gg%tmn as the form of [25]: weight vectors which randomly generated by the software.
Yoy = tanh(c) = ——— With the finding of the global minimum, during application
(ef+e™d) (1) of the optimization algorithm, the weight initialization and
Where ¢ is the hidden unit ak@ is the weighted sums  automatic architecture selection can be performed by
of units in a layer. specifying the number for the interval center and the interval
The resulting model, developed by activating the identity offset greater than 0.
function, was fed-back to the output target (oil contents) The synaptic weights results display the coefficient
with an adjusted normalized correction value of 0.02. The estimates that show the relationship between the units in a
identity function has the form of [25]: given layer to the units in the following layer. The synaptic
Vg =c ) weights are based on the training sample even though the
The input variables in this analysis were adjusted andactive dataset is partitioned into training and validation data.

normalized. They were subtracted by the minimum value The model summary displays a summary of the neural

and divided by their range using the equation of [25]: network results by partition and overall, including the error,
v = [2 o CroEmmy T percentage of incorrect predictions, the stopping rule used to
e ¥y ~Fmiw) (3) stop training, and the training time. The independent variable
Where“+: is the adjusted normalized value of the Importance anf_;lly5|s performs a sensitivity a_naly5|s, W.h'.Ch
_ _ _ _ i ) computes the importance of each predictor in determining
input variable, x is the value of input variablgginis the the neural network
minimum variable value, anfinzxis the maximum variable Stopping rules determine when to stop training the neural
value. network if there is no decrease in error after the specified

The input variables used for calibrating the model were number of steps fulfilled.
transformed to the range of (-1, 1) using Eg. 3, to fit the
Hyperbolic-tangent algorithm. l1l. RESULTS ANDDISCUSSION
After adjusted normalized, the input variable values fall .
From the experiment, the results of measurements of

between -1 and 1. Th's IS th? required rescaling method fOrFFBs samples in laboratory, it was found that the amount of
scale-dependent variables if the output layer uses the

hyperbolic tangent activation function [25]. The correction ol contained 'in the fruit mesocarp compared to bunch
yp ang - . overall weight, ranged from 13 to 26%. The amount of oil in
option specifies a small number efthat is applied as a

: . L . the fruits mesocarp can be explained by its color [26], which

correction to the rescaling formula; this correction ensures . ) ;
. ) - correlated to the progress in the physiological developments
that all rescaled dependent variable values will be within the ) . ) . )
o . . of the fruit. In this study, the FFB with lower color intensity

range of the activation function. In particular, the values -1 v h | i . g vi
and 1, the which occur in the uncorrected formula when x JENSraly have fess ol content (Fig. 1) an vice versa [27].
takes ’its minimum and maximum value. define the limits of Differences of colors intensity in the recorded image of FFB
the range of the hyperbolic tangent f'unction but are not Vere influenced by the light spectrum passes the camera lens

. ; . filters. When FFB image recorded using photo-selective
within that range [ErS_]GThe_Sg)rrected formula is [25] filter for Ultraviolet (UV) light, and passes lights with
Lo, :{2 + [Ef-r o _s)}]} -1 wavelength range between 280 and 360nm into the camera

(4)
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sensor, the RGB colors in the FFB images have almostdifferent FFB samples may have identical values, although
uniform value for sample with oil content 13-18%. This their oil contents and development stages were different.
trend was observed for FFB images recorded from 2, 7, 10,Therefore the abstract relationships between the FFB oil
and 15 m. Similarly, when the images were recorded usingcontents and its color features were modeled through a
photo-selective filter for visible (400-700nm) and IR (720- neural network modeling analysis, namely the multi-linear-
1100nm) lights, with illumination intensity of 6000 lux perceptron artificial-neural-network. The models developed
(Visl and IR1), the RGB colors of FFB with oil content based on the FFB images recorded by camera-vision with
between 13-18% were relatively equal. However, when different lighting setups and recording distances. The color
images recording performed in higher light intensity features of the images were extracted and transform to
(10000lux), the results showed nonlinear correlation generate 15 input variables for training the models.

between images color and sample oil contents, both for
visible and infrared (Vis2 and IR2) filters. Nonetheless, the
correlation cannot be explained by a linear regression, since .,
the colors change irregularly. Based on its physiological £
development, the FFB samples in this group were still in the;?-;
maturing phase (Fig. 1), were accumulation of oil and
pigments in mesocarp progressed slowly.

However, significant changes in colors were observed
when the sample oil content reached 21.6%. The changes os™
colors can be seen in FFB images features, recorded in a@.;...
treatments except Vis2 and IR2 (Fig. 1). The changed %
strongly suggest that the physiological development of the
FFB has entered the second stages [28], the ripening phase ‘ (b)
In this phase, the oil and pigments accumulation in the fruits g
mesocarp occurred progressively, and the rate of colorsim
change as recorded in the image were preponderan” " - L
compared to FFB in the earlier stage The progressive = " ecomman

accumulation of oil and pigments in the fruits mesocarp ) ) )
1 The graphs explained the relationships between RGB values from

g.
prOduc,ed ,a more saturated color on the FFB appeara_nce, ar@FB images and their mesocarp oil contents. The images of the FFB were
when its images was recorded, the RGB colors in imagesiecorded from 2, 7, 10, and 15 m (different line styles in the graphs) using a

were lower, due to higher lights absorption by the fruits skin. camera-vision with three different photo-selective filters, namely (a)
At this point, the value of R' G, and B of the FFB images UV:280—380nm, (b) Vis1:400-700nm and (c) IR1:720-1100nm under
reach the minimum values in most treatments, except in Vis28000!ux lights.

and IR 2, as well as the FFB images recorded in Visl 14 geyelop the model, 70% of data from the samples were
treatment from 7m. This unique feature of FFB when its oil \,5a4 in model calibrations, where 15 colors features from the

content reached 21.6% can be used as a reference that ﬂimages were extracted and used as input variables. The

FFB may be harvest immediately. The similar results had geyeloped models can predict the oil content of intact FFBs
been report_ed_ by Cherlg etal. [23]. on trees with high classification accuracy. The MLP-ANN
As the oil in the fruits mesocarps progressed and reachyaihads used for developing the models can explained the
maximum level, the FFB entered the third stages of itS complex and abstracts relationships between the input
development, and the senescence of fruits commence. In thiy5iaples (image’s color features) and the oil content of the
stage (Fig. 1), the oil in the mesocarp started to decay an(erg samples. The output model analysis by the statistical
disintegrate into the free fatty acid (FFA). FFB in thiS gngineering software provides several information of the
condition is considered as overripe, and undesirable for,oqa  The network structure displays the summary
processing, since excessive FFA in its oil may deteriorate theisormation about the ANN analysis. The information
whole quality of CPO in the processing line. The degrading yescriped including the dependent variables, number of input
process of the FFB will continue until most of the outer ;.4 output units, number of hidden layers and units, and
fruits in the bunch detached, and the FFB start producingaciivation functions. A diagram produced by the software
rotten odor. In this study, this phase observed when the Oilgisplays the complete network diagram. However, since the

content in the FFB samples accumulated to 23.9%, indicated,mper of covariates and factor levels used were substantial,
by the shift of RGB color trend in FFB images towards it oil o giagram becomes more difficult to interpret and was not

content. Compared to the prgvious ph_ysiological stage, thedisplay in the manuscript. The Synaptic weights of the
trend of color change in FFB images oriented to the oppositeyggel explained the coefficient estimates, indicating the
direction. . relationship between the units in a given layer to the units in
Although the second stages of FFB development (ripeninGie following layer. The Network Performance of the model

can be observed through its color alteration, estimating thej,gicated an acceptable accuracy, both in model calibration
oil content correctly of FFB cannot be performed solely 5,4 validation. In summary, the FFB's OCP model
based on this information. The correlation between the COlordeveIoped by means of MLP-A’NN produced decent error or
features in FFB images and its oil content were so poor theifincorrect predictions, and the average overall relative error
relationship cannot be explained through simple regressiong|ative to the mean model) is acceptable. The bias between

analysis. Furthermore, the color features of images froMe actual and prediction value of oil content explained in the
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residual prediction chart, where the residual-by-predicted- correlations and variance among these variables, as well as
value chart for each scale-dependent variable was describedtheir influence to the model results. The coefficients of input
The performance of OCP model upon calibration and variables in every hidden layer, as explained in Table II,
validation explained in Table | and Il respectively. For every indicated how strong the corresponding variables influenced
experiment setup, one model was developed, and in totaloil contents prediction model in this experiment setup. The
there were 20 models developed for predicting the FFB oil model also incorporate biases as additional input variable, in
content, based on its recorded image. Upon the calibrationorder to enable accuracy and consistency enhancement. The
OCP models for all experiment setup performed biases improved coefficient of correlation of the model, and
comprehensively, and all coefficients of correlation (R2) at the same time, minimize the RMSE from the validation
were above 0.99. The best model obtained when the FFBresults.
images were recorded under UV and Vis2 lights, at 15 and TABLE Il
10 meter respectively. Both models have RMSE of 0.05 and 1y vaLIDATION RESULTS FORFFB OCPMODELS BASED ON30%

0.047 respectively. Others models performed similarly, = SAMPLING DATA EXCLUDED IN MODEL CALIBRATIONS. THE RESULTS
where RMSE were significantly below 0.5. INDICATED COEFFICIENT OF CORRELATION ANCRMSE OF MODELS FROM
EACH EXPERIMENT SETUP

TABLE | _ : _
THE CALIBRATION RESULTS FORFFB OCPMODELS DEVELOPED WITHMLP- Lighting Recording Coefficient sz Model
ANN USING 15 COLOR FEATURES FROM RECORDEBFB IMAGES. THE Setup distance Correlation (R?) RMSE
RESULTS INDICATED COEFFICIENT OF CORRELATION ANBRMSE OF MODELS 15 0.962 2.385
FROM ALL EXPERIMENT SETUPS uv 10 0.897 3.707
7 0.582 2.603
Lighting | Recording Coefficient of Model 2 0.993 2.868
Setup distance Correlation (R? RMSE 15 0.722 8.301
15 1 0.051 Vis1 10 0.931 15.510
10 0.999 0.192 600W 7 0.993 3.795
uv 7 0.999 0.075 2 0.270 9.760
15 0.201 2.302
2 0.999 0.165
15 0.999 0074 Vis2 10 0.401 9.289
, : : 1000W 7 0.944 4.135
Visl 10 0.999 0.192 5 0871 =511
600W 7 0.999 0.068 15 0546 13.840
2 0.999 0.142 IR1 10 0.940 6.374
15 0.999 0.179 600W 7 0.995 4.046
Vis2 10 1 0.047 2 0.799 18.252
1000W 7 0.999 0.062 15 0.688 2.391
2 0.999 0.070 IR2 10 0.392 6.262
15 0.999 0.069 1000W 7 0.891 6.632
: : 2 0.501 26.107
IR1 10 1 0.071
600W 7 0.999 0.067 TABLE IlI
2 0.999 0.077 PARAMETERS ESTIMATED TO MODELFFB OIL CONTENTS USINGMLP-ANN
15 1 0.133 METHOD BASED ON THEFFB RESPOND WHEN ITS IMAGES WERE RECORDED
IR2 10 0.999 0 '066 FROM 15M UNDER UV LIGHT SPECTRUM
1000W 7 0.999 0.149 Predicted
Output
2 0.999 0.446 Hidden Layers Layer
Predictor H@) [HR)[HE)[H@) [HE) [HE) [H@) [HE) [R(Q) [H(I0)| oC
In order to test the model consistency, the rest 30% of théE]dPUetr flas) -igg--géz--‘l‘gz gzgggg igg -égg -ggg--ggg ';252
. . y . -. - - . . - . . .
samples were validated using the developed models. Thgefficienic | 407181 408 .134-097-.351-150 .359-347 573
validation results will show which model is best-fit for in- |Factors [~ |-087 .165-.472] .346/-.392] .058] .369 .493-.175 -.115
field operations. The results showed that of 20 models g -gi?-gig'-gjg -g’gg -gjg'-gég -ig; -ig? -gg? gg
developed using the MLP-ANN method; several models [ 102|562 .175-.158 .778-.237-.060-.423-.256| -.055
obtain high coefficient of correlation (R2), above 0.95. RI__|-505 .418-188/-.101| .418-.236 233 415 240 537
However, this parameter cannot be solely used as the mgin ‘B3I' -ﬁg'-ggg -ggé'-éig'-ggg (2)22 -222'-1‘% ggg -gig
indicator to select the model. Other parameter, such as the RG |-158 384-237 115-154 004-279-.053- 242 541
RMSE, and residual should be considered to avoid selectign RB_| .10 .124 .510-.155]-.056] .19§-.225 .401-.275 .57
of over-fit model which may produce false-positive or true- GB |-422-121) 370 .176-.260-.279-.079-.392)-.31§ - 304
i S . - GR_| .361 .076[-.428]-.245/-.007| .014] .142-.142[ 451 -.198
negative results. C0n5|der|ng_RMSE and residual predlctlc_)n BR | 440 102-150-313-176 .070-208-297 455 040
value may lead to better choice of models that best-predict BG | .247-.014]-.262-334] .147] .020]-.174|-.352]-.235] - 549
the FFB oil content. Hidden |(Bias) 13p
! . Layer H(L) -.186
Based on Table II, there are five models which producécoeficient(z) “6ds
low RMSE and high R2. The first model is for FFB’'s OCP |Factors  |H(3) 572
with UV lighting and 15 m image recording distance. This :Eg; -2
model developed based on the extracted color features of the H(6) EE
recorded FFB, and included all the 15 color features as input H() 112
variables. To develop the model, the engineering statistical :Eg; 3%
software employed 10 hidden layers to explain abstragt H(10) -850
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The model performance upon calibration and validation developed by the engineering statistical software has 10
explained in Fig. 2a and 2b respectively. Upon validation, hidden layers to explain correlations, variance, and influence
the model predicted the FFB oil content of the sample aboveof variables to the established model. Variables coefficients
its actual value, as measured by laboratory analysis. Thisin hidden layers were explained in table 4. Model
result indicated a false-positive offset of the model and incorporated biases, and its accuracy and consistency
showed that calibration of the model produce an over-fit enhanced. Low RMSE was observed in model when it was
model. This difference of model performance between thevalidated using second set of data, excluded when
calibration and validation commonly occurred when using developing the model.
different type of samples data. This phenomenon possibly The model performance upon calibration and validation
caused when this prediction model was built with limited explained in Fig. 3a and 3b respectively. Upon validation,
number of samples. However, since the differences ofthis model also predicted the FFB oil content of the sample
RMSE and coefficient of correlation upon model calibration above its actual value, thus an over-fit was indicated in this
and validation was narrow (P<0.05), the models deviation ismodel, and as the results, false-positive and offset was
still within the tolerance limit, and therefore, this developed observed in the validation results. Nonetheless, model
model can be accepted since it considered producing highRMSE and coefficient of correlation were still fall within the

accuracy and consistency. tolerance limit (P<0.05), thus this is considered as valid
N 2 X model. Model validations produce R2 of 0.897 with RMSE
5 % 2 of 3.707
é 24 - is 24 5 | 5 X
S s 2 g 28 s 28
g R® = 0.999 z 2 § 2% £
© 18- 18 - RS0:9618 2 e
16 - 16 - é 2 - g 2-
X, i ‘ ‘ ‘ ‘ ‘ ” i ‘ ‘ ‘ g 20 - 8 20 -
4 16 18 20 2 24 2% 28 14 16 18 20 2 24 26 28 18 1 e G5 18
OC (%) as measured OC (%) as measured 16 - T 16 R?=0.8970
. (a) (b) . Lo 14 1‘4‘ 1‘6 lé 26 2‘2 2‘4 2‘6 Zé 36 8 14 16 18 20 2.2 24 26 28 30
Fig. 2 The FFB sample’s OCP based on model calibration (a) and prediction 0OC (%) as measured 0OC (%) as measured
(b) displayed in scatterplot graphs. The graphs represent model performance (a) (b)
f dicting FFB oil tent based its i h ded fi 15mg; ; ;
or predicting ol content based on Its Images when recorded irom LoMgig 3 The FFB sample’s OCP based on model calibration (a) and
under UV light spectrum. prediction (b) displayed in scatterplot graphs. The graphs represent model
TABLE Il performance for predicting FFB oil content based on its images when
PARAMETERS ESTIMATED TO MODELFFB OIL CONTENTS USINGMLP-ANN recorded from 10m under UV light spectrum.
METHOD BASED ON THEFFB RESPOND WHEN ITS IMAGES WERE RECORDED TABLE V
FROM 10M UNDER UV LIGHT SPECTRUM PARAMETERS ESTIMATED TO MODELFFB OIL CONTENTS USINGMLP-ANN
Prodicied METHOD BASED ON THEFFB RESPOND WHEN ITS IMAGES WERE RECORDED
Output FROM 10M UNDER LOW POWER(600VATT) IR LIGHT
Hidden Layer Layer Prodicied
Predictor HL) [HR)[AR)[R@)[AEG) [RE) [H@) [HE) [HE) [RI0)] oc recicte St
Input (Bias)|-.382-.516] .076|-.376[ .051]-.102]-.315[-.102] .263 .481] Hidden Layer L:;’e”r
Layer -.219 .321] .23g-.089 .556|-.513-.275] .292| .532 .18§ .
Coeficient .104-.291]-.301]-.377| .357] .210-.463) .244| .151 ~.477] Predictor AL HEHEHE@HE)HEHDHE) HO)HL0) 0C

Input (Bias) .268-06(] .49¢ .07Q .052-.353-.012087 .597 -.386
Layer R -.499.571-.39¢ .11§-.152-.540-.106127-.947 -.880
CoefficieniG -.250.417-.125-.63Q .480-.229 .483133-.604 .004
Factors | .062 .544-.482-.10§-.079-.676-.130439-.244 -.654
H
S

-.420 .336| .193/-.437| .479 .396-.404 .028-.189| -.25]]
-.163 .250/-.289|-.055/-.667|-.311]-.114] .214{-.072] .23]]
| -.433| .202| .431) .046| .700/-.168| .380| .145-.496] .034
RI .075 .021]-.502| .356| .459-.100/-.071] .105 .424] .369
Gl .392 .283| .124 .565-.156|-.418|-.344| .272| .282 -.575|
Bl .258|-.293/-.197| .186| .156| .147]-.029-.162 .232 .145
RG .384 .422] .447| .291]-.306|-.302-.277|-.007|-.250| -.123
RB [-.083 .260]-.078| .297|-.168|-.279|-.364|-.144 .247| -.317|
GB [-.338-.422/-.516| .438 .409-.303| .330|-.349(-.202 .086|
GR [-.43(Q .080| .483-.311]-.274|-.339|-.327|-.342]-.064| -.596|
BR .285 .206[-.003) .169-.500| .447| .335 .076/-.159 .308
BG |-.506-.174|-.059-.288| .349 .115 .011] .366) .056] .428|

R
G
Factors [ .518-.455|-.392-.339| .146(-.062|-.182|-.243|-.309| -.648
H
S

-.103.741-.814 .174 .08% .208-.219227-.164 -.510

.14%.687-.654 .411-.198-.0038 .21711(-.639 -.26(

B
| .103 .52( .023-.245-.191 .139 .071237-.209 -.65(
RI .184-037 .10 .61§ .020 .392 .44831] .37 -.562
Gl .148-64¢€ .512-.364-.579 .574 .43133 .597 .667
6
0
2

Bl .39§ .00 .03(-.491-.177-.056 .330231-.42( -.48]
RG |-.134:004-.53¢-.297 .586 .100 .267205-.383 -.45§
RB |-.104.33¢-.32(] .037 .818-.562-.192194 .134 -.462
GB | .30%.034.213.231-.078 .135 .423 .@P.445 -.044

GR_[-.304:266-.087 .133 .069 .57[7 .04329( .10( -.050

E;dif“ l(fif‘s) 'gzg BR |-.289.14% 135-481 .036 .128 .487055-517 -.061
yer — |H(1) 2 BG | .22$.38¢-.559.438 .320 .105-.410213 .067 -.234

CoefficienfH(2) -.225 Hidd Bi 302

Factors  [H(3) 137 idden |(Bias .

B = Layer  |H(D) -201

(4) - (CoefficieniH(2) 1.010

H(5) - 718 Factors  [H(3) 1443

H(E) 240 H(4) 143

H(7) 447 HE) -113

H(8) .090 H() -539

H(9) 192 ) ~odo

H(10) -.663 HE) 019

H(9) -1.529

The second selected model is for FFB’'s OCP with UV H(10) -1.243

lighting and 10 m image recording distance. This model _
employed all extracted color features from FFB images, and The third selected model successfully developed to
included these features as predictor input. The modelpredict FFB’'s OC using lower intensity IR lighting (600 watt)
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with 10 m recording distance. The model used 10 hidden TABLE VI

layers and 15 color features from its image as input variablesPARAMETERS ESTIMATED TO MODELFFBOIL CONTENTS USINGMLP-ANN
h iabl d f h . . . METHOD BASED ON THEFFB RESPOND WHEN ITS IMAGES WERE RECORDED

These variables extracted from the image using image FROM 7 M UNDER LOW POWER(GOONATT) VISIBLE LIGHT

processing software, and the model itself was developed

using MLP-ANN methods, as built-in part of the engineering Predicted Sutput

statistical software. Parameters in the model, i.e. coefficients Hidden Layer Layer

of hidden layers, were explained in table 5. Predictor ___{H(1) [H(2) |H(3) |H(4) [H(5) {H(6) | H(7) |H(8) |[H(9) [H(10)L OC
) . ... [input (Bias)|-.470]-.489 .027 .244] 383 .076|-.040] .333 .147] -.271]

The model performance upon calibration and validation ayer R | 303-162 434 468 471-.057-037 .087|-424 190
explained in Fig. 4a and 4b respectively. In the validation|Coefficien{G |- 153-153- 117 512 422 .536]-.466] .419|-.188 .353
model predicted the FFB oil content below its actual valug ™" [B__[-.192-.210-072-.328 .353-.365-.433-.302 .176 -.240

. ) ; ) H__ |-413 012 .073-.468/-.066| .680-.173 .634] .003 -.007
This model show an over-fit behavior and true-negative S T-061-102 188 230 452 171-576-378 126 - 228
prediction, as well as offset was observed in the validation [ .273]-.387]-.110] .276-.331] .433-.205] .307-.228| -.316
results. Although model’'s coefficient of correlation (R2) RI_1.199 .877 .252-435-.158 .393-.025 611 .263 .043

X ) : Gl |.306 .307| .369 .378] .415] .454]-.266]-.287] .448] -.477

Only prOduce low relatlonShlp (0401) between actual oi Bl ~443-.803 136 .428 432 354 .128 .142 282 .111]
content of the FFB and its prediction results, the RMSE of RG |-.276-.034] .270] .306| .465 .154-.128-.024] 323 .173
; i Lo RB__|-.170 .484-.426[-.495[ .166| .239-.066] .187]-.020] -.095|

the model (6.374) was still fall within acceptance limit oB 1 508 417047079346 380 035147 > a5
(P<0.05), thus this model considered as valid. GR_[-.309 002 .043 .03g-.352] .287] .355 .237]-.320] -.067,
BR_|-.060-.085[-.427| .507]-.493-.491]-.453-.500] .019 .10§

%7 %6 BG | .417 .225] .056|-.247] .007] .219-.483] .211] .058] .406|
s 24 5§ 2 Hidden |(Bias) 513
In fn Layer  [H(D) - 411
E s CoefficienfH(2) 710
g0 R? = 0,999 g 20 R? = 0.4005 Factors  [H(3) ~199
g 1 8 1 XX H(4) 546

16 1 16 - X H(5) -.0q7

" wl o H(6) -.652

4 16 18 20 2 8 2% “ 16 18 2 2 2 % H(7) -353
OC (%) as measured OC (%) as measured H(8) - 737
(@) (b) H(9) 041
Fig. 4. The FFB sample’s OCP based on model calibration (a) an H(10) -.086
prediction (b) displayed in scatterplot graphs. The graphs represent model
performance for predicting FFB oil content based on its images when R?=0.9933
recorded from 10m under 600watt IR light. 25 - L

54, - 23 4

The Fourth selected model successfully developed to 2 a - 2

0OC (%) calibration
0OC (%) validation

predict FFB’s OC using lower intensity of visible light (600 19 - R*=0.999 19 -

watt) with 7 m recording distance. Similar to the previous © v N

model, this model also used 10 hidden layers and 15 color *- a

features from its image as input variables. The model .= . . B L m on o
developed using MLP-ANN methods based on the color 0C %) as measured 0C %) as measured

features extracted from its image by image processmgFig. 5. The FFB sample’s OCP based on model calibration (a) and

spftware. Model's parameters including  coefficients of reqiction (b) displayed in scatterplot graphs. The graphs represent model
hidden layers, were explained in table 6. performance for predicting FFB oil content based on its images when

The developed model produced high coefficient of recorded from 7m under 600watt visible light.
correlation upon calibration and validation. The model's R2 _ ) _
was 0.999 and 0.993 for calibration and validation, The fifth selected model which predicts FFB's OC based
respectively. The relationship between prediction and actualon its image recorded under UV light from 2 m was
values of FFB oil content were described in Fig. 5a and 5p.successfully developed. Similar to other models, this model
Validation results of the model produced lower prediction used MLP-ANN methods with 10 hidden layers based on its
results of FFB oil content, compared to its actual value. The15 color features extracted from its image. The color features
model indicated an over-fit behavior with true-negative and Were used as input variables upon model development and
offset in the results. Nevertheless, this model RMSE wastraining, and parameters of the model were explained in
considered as minimal (3.795), while its prediction table7. . . _
correlation was almost linear (R2=0.993). Both values were The coefficient of correlation (R2) of this model during

well within the tolerance limit (P<0.05), thus this model calibration and validation were 1.0 and 0.993, respectively.
considered as valid. The results were displayed in Fig. 6a and 6b. This model

predicts FFB'’s oil content below its actual values. Therefore,
this model suggests an over-fit trend, with true-negative and
offset in the results. However, when compared with other
developed models, the results showed that the R2 of the
model was among the best from five selected models. Model
R2 was 0.993 and its RMSE was 2.868.
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TABLE VII
PARAMETERS ESTIMATED TO MODELFFB OIL CONTENTS USINGMLP-ANN
METHOD BASED ON THEFFB RESPOND WHEN ITS IMAGES WERE RECORDED
FROM2 M USING UV LIGHT SPECTRUM

Predicted
Output
Hidden Layer Layer
Predictor H(1) |H(2) |H(3) |H(4) [H(5) |H(6) |H(7) |H(8) |[H(9) |[H(10)| OC
Input (Bias)| .312/-.111|-.345|-.014] .150| .207|-.620| .752/-.325| .489
Layer R -.430 .305| .259 .050/-.300| .222]-.122-.441] .289 -.394|
Coefficient G -.326-.271] .287| .398| .135 .376{-.117|-.090] .553 .402
Factors (B .070-.446| .015-.111] .521]-.002|-.155| .244] .053 -.302
H -.302/-.285| .198| .340/-.194|-.346|-.441] .307| .235 .502
S .353 .324] .033]-.203| .401{-.497|-.027| .324] .442| .462
| .259-.458| .373-.410]-.607|-.307|-.302]-.490|-.430| -.100
RI .151f .076] .171]-.184] .434]-.309]-.189)-.516| .300| -.532
Gl |-.208 .203]-.326| .382 .644| .201| .401] .229 .404 .102
Bl .352-.408]-.430| .322-.479)-.308| .235 .369-.540 .423
RG 474 .336|-.196| .182/-.526| .515-.145|-.275|-.275| -.295
RB .160-.366| .458| .326| .057| .353-.388|-.499 .005| -.169
GB [-.109 .166|-.314|-.255|-.112] .376] .120/-.318] .196/ .200|
GR [-.279-.329 .111]-.549-.167|-.304]-.031] .435-.007| .065
BR |-.02§ .337 .073|-.505/-.023|-.081] .349-.276|-.044] .271
BG |-.092 .180-.298| .132-.073-.535|-.249|-.213| .212] -.18]]
Hidden |[(Bias) 134
Layer H(1) -.019
Coefficien{H(2) -.2d7
Factors  [H(3) 117
H(4) 645
H(5) .278
H(6) -.548
H(7) - 772
H(8) .52
H(9) 436
H(10) 237
28 28 -
26 26 -
24 74 - R?=0.9927

22
20
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OC (%) validation

&
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0OC (%) as measured
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@
Fig. 6. The FFB sample’s OCP based on model calibration (a) and
prediction (b) displayed in scatterplot graphs. The graphs represent modetg
performance for predicting FFB oil content based on its images when
recorded from 2m under UV light.

V. CONCLUSIONS

From 20 experiments setup to develop OCP models for oiI[
palm FFB, only five models were considered as valid, based

on its coefficients of correlations, RMSE and validation

results. The experiment setup was set to determine which
image recording condition produce best model accuracy to[11]

predict intact FFB on trees, using nondestructive evaluation

by means of machine-vision assessment. The models were

developed from color features of FFB’s recorded images,
where it was used as input variables prediction. Statistical

engineering software was used to develop the models by12]

employing MLP-ANN algorithm, with 10 hidden layers.
Five best models were obtained from FFB imaging under
UV (recorded from 15, 10, and 2m), Visible (recorded at

7m), and IR lights (recorded at 10 m). Biases were observed
in the models, due to limited samples used in this experiment{13]

However, in the general, the five selected models
performance were accepted, since their RMSE and
coefficient of correlation during calibration and validation
was still within the tolerance limit (P<0.05).
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