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ABSTRACT

Traditional k-nearest neighbor (K-NN) methods for time series forecasting often fail to
capture prediction uncertainty. This study addresses this limitation by integrating circular
bootstrap on residuals with K-NN regression to forecast Thailand’s monthly durian export
volumes, which exhibit strong non-linearity and seasonality. The proposed methodology
includes data scaling and explicit seasonality handling. Circular bootstrap generates multiple
residual samples, constructing forecast intervals that quantify uncertainty while preserving
temporal dependencies. Comparative analysis demonstrates that the proposed method
outperforms the seasonal autoregressive integrated moving average (SARIMA) and
exponential smoothing state space (ETS) models by producing forecast intervals that are, on
average, 20% narrower. However, coverage is slightly lower, with actual values falling within
the intervals in 11 out of 12 months, compared to full coverage by SARIMA and ETS. The
results highlight the potential of combining statistical resampling with machine learning to
enhance K-NN forecasting, offering a practical solution for improving time series forecast
reliability, as demonstrated in the case study of Thailand’s durian exports.
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1. Introduction

Time-series forecasting is essential
across diverse domains, such as finance,
production planning, and environmental
monitoring. Traditional methods such as
autoregressive integrated moving average
(ARIMA) and Holt-Winters models have

been widely used but often struggle with
nonlinear and complex data patterns.
Recently, machine learning techniques,
particularly k-nearest neighbors (K-NN)
algorithms, have gained prominence for
their flexibility and effectiveness in diverse
forecasting tasks.

*Corresponding author: patchanok@mathstat.sci.tu.ac.th

doi: 10.14456/scitechasia.2025.6



P. Kamlangdee and P. Srisuradetchai | Science & Technology Asia | Vol.30 No.1 January — March 2025

The K-NN algorithm, despite its
simplicity, has proven to be a robust method
for time-series forecasting. Tajmouati et al.
[1] introduced two methodologies to
enhance K-NN forecasting performance:
classical parameter tuning in weighted
nearest neighbors (CPTO-WNN) and fast
parameter tuning in weighted nearest
neighbors (FPTO-WNN). These methods
optimize the selection of neighbors and
parameters through a cross-validation-
inspired approach, demonstrating superior
performance compared to classical methods
like ARIMA and Holt-Winters in various
real-world datasets. Martinez et al. [2]
developed a comprehensive methodology
for applying K-NN regression to time-series

forecasting, focusing on  automatic
parameter selection and preprocessing
techniques to improve efficiency and
accuracy.

Expanding on these methods, Zhang
et al. [3] proposed a novel methodology
combining ensemble empirical mode
decomposition (EEMD) with a
multidimensional K-NN model (MKNN) to
forecast financial time series. The EEMD
technique addresses the mode mixing
problem inherent in EMD, enhancing
forecast accuracy. This two-stage approach
successfully  forecasts multiple stock
indices, outperforming traditional EMD-
KNN and ARIMA models. Tang et al. [4]
further explored financial time series
prediction by  integrating  principal
component analysis (PCA) with K-NN,
which reduces data dimensionality and
redundancy, thereby improving prediction
performance.

In the realm of visual recognition, Liu
and Liu [5] introduced a locally linear K-
NN (LLK) method, which integrates sparse
representation and optimization techniques
to enhance robustness and accuracy across
various visual datasets. Ni and Nguyen [6]
proposed an adaptive K-NN algorithm for
image interpolation, leveraging global
optimization via Markov random fields to
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improve image quality based on sufficient
training data.

Addressing seasonality in time-series
forecasting, Martinez et al. [7] proposed
narrowing the training set to specific
seasons. This strategy involves training
specialized K-NN learners for each season,
reducing the likelihood of misleading
forecasts and  enhancing  prediction
accuracy. Similarly, Martinez-Alvarez et al.
[8] used pattern sequence similarity for
energy time-series forecasting, where
clustering techniques group samples to
improve forecast accuracy.

In the context of environmental
monitoring, Srisuradetchai and
Panichkitkosolkul [9] explored ensemble
machine learning methods, including K-NN,
to forecast particulate matter (PM2.5)
concentrations in Bangkok. Their study
demonstrated that hybrid models combining
multiple algorithms significantly enhance
forecasting accuracy, underscoring the value
of ensemble approaches. Troncoso et al.
[10] applied weighted nearest neighbors to
forecast  electricity =~ market  prices,
highlighting the relevance of parameter
tuning for improved accuracy.

Further expanding the application of
K-NN, Srisuradetchai [11] introduced a
novel interval forecasting approach
integrating K-NN with bootstrapping to
capture forecast uncertainty. The bootstrap
samples were taken from observed forecasts
with multiple &  values. Fernandez-
Rodriguez et al. [12] applied nearest-
neighbor predictors to foreign exchange
markets, showing potential economic
benefits. The tsfknn package for R,
described by Martinez et al. [13], allows
users to specify K-NN models and generate
multi-step forecasts, showcasing practical
applications in various time-series datasets.
Srisuradetchai and Phaphan [14] applied
Monte Carlo dropout (MCDO) in deep
neural networks for interval forecasting of
agricultural exports, demonstrating superior
performance compared to traditional
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models. Kiick and Freitag [15] evaluated the
forecasting performance of local nearest
neighbor models for demand forecasting in
production  planning, achieving high
forecast accuracy with low computation
times. Lee [16] discussed the
implementation of K-NN in Python,
emphasizing its application in classification
and the determination of optimal
parameters. Narejo et al. [17] investigated
multi-step rainfall forecasting using deep
learning approaches, including temporal
deep belief networks, highlighting the
advancements in leveraging deep learning
for time-series forecasting.

Forecast intervals are essential in
time-series forecasting because they provide
a range within which future values are
expected to fall, thereby quantifying the
uncertainty inherent in predictions. Unlike
point forecasts, which offer a single value,

forecast intervals give a probabilistic
estimate, enhancing  decision-making
processes by accounting for potential

variability [18]. This approach aligns with
modern probabilistic machine learning,
which focuses on uncertainty quantification
and risk assessment. By integrating
techniques like Monte Carlo dropout and
bootstrapping with K-NN [19], we can
produce more robust and informative
forecasts, crucial for applications requiring
high reliability. Here, we use the circular
bootstrap with time-series K-NN regression
to produce the forecast interval.

To further validate the efficacy of our
proposed interval forecasting method, we
will compare its performance with interval
forecasts generated by traditional SARIMA
and Holt-Winters models. This comparison
aims to demonstrate the superior capability
of our approach in handling nonlinear and
complex data patterns, thereby providing
more reliable and comprehensive forecasts.

2. Circular Bootstrap
The circular bootstrap on residuals is
a robust resampling technique specifically
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designed for time-series data, preserving the
inherent serial correlation essential for
accurate forecasting. Traditional bootstrap
methods may disrupt temporal
dependencies, but the circular bootstrap on
residuals treats the residual series as a
circular  structure, maintaining these
dependencies effectively [20, 21]. The
following steps outline the circular
bootstrap process:
1) Fit a Model and Calculate Residuals:
Given a time series T ={y,,»,,...,»,} of

length n, fit a predictive model and

calculate the residuals as e =y, -,

where p, represents the predicted value.
2) Concatenate Residual Series: Extend the
residual series R by concatenating it to
itself, forming E" ={e,e,,...,¢,,¢,,e,,...,¢,} -
This step ensures continuity and
preserves the serial correlation inherent
in the residuals.
Random Block Selection: Define a block
length /. Randomly select starting

indices ij from {1,2,.., n} This

randomness helps capture variability
while preserving serial dependencies
[22].

Form Blocks: Construct blocks B, of

3)

4)
length [ starting from i, in E°, such
that B, ={e, ,e

P s
i+l

+€ .y This step

ensures each block retains the temporal
structure of the series [23, 24].

Reconstruct Series: Concatenate these
blocks to form a bootstrap sample of
residuals E, ={B,, B,,...,B,}, where

R, is of length n. This reconstructed

series mimics the structure of the original
residuals, preserving the inherent
dependencies.

Generate Bootstrap Samples: Repeat the
process to generate multiple bootstrap

samples of residuals E.’,E\”, ...,E".

Add these samples to the predicted

5)

6)

values ¥ ={J,,7,,....,} to generate
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new bootstrap samples of the forecasted
series: Vb(/) — {);1 (/) (/)

+e”, y,+e”,...,
P, +e ), j=12,..., M.

7) Repeat the Process: Continue generating
multiple bootstrap series
v v V™M for further analysis and
modeling, ensuring robustness in

statistical inference.

Mathematically, for a block length /
and the number of bootstrap samples M,

the bootstrap series Vb('” for j=1,2,.....M
1s constructed as:

) _ A ~ ~
Vb _{yi+ei/’yi+1+eij+1""’yi+n—l+ei/+n—l}’

where i; are the randomly selected starting

indices. This approach ensures that each
bootstrap sample 7, retains the temporal

dependencies of the original series, which is
crucial for accurate forecasting and
inference [25, 26].

The circular bootstrap on residuals,
with its ability to preserve serial correlations
and handle non-stationary data, provides a
powerful tool for generating robust forecast
intervals in time-series analysis. By
combining this technique with K-NN
regression, we aim to enhance the accuracy
and reliability of our time-series forecasts.

3. SARIMA and ETS Models
3.1 SARIMA model

The seasonal autoregressive
integrated moving average (SARIMA)
model is a widely used statistical technique
for time-series forecasting, particularly for
datasets exhibiting seasonal patterns. It
extends the autoregressive integrated
moving average (ARIMA) model by
incorporating  seasonal  autoregressive
(SAR) and seasonal moving average (SMA)
components, along  with seasonal
differencing to address seasonality.

A SARIMA model is represented as
SARIMA (p, d, q) (P, D, Q)s, where p, d,
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and ¢ are the non-seasonal orders, P, D, and
Q are the seasonal orders, and s denotes the
seasonal period. The SARIMA model is
mathematically expressed as shown in Eq.

(3.1).
¢p(B)®p(B*)VIVPy,

= 0,(B)®g(B)er, 3.1)

where B is the backshift operator, defined

as B'y, =y, .. V' is the differencing

D
s

operator, defined as V'y, =(1-B)"y,. V
is the seasonal differencing operator,
defined as V)y, = (1-B8")"y,. ¢,(B) is
the autoregressive polynomial:

8,(B)=1- 4B—4,B ——4, B’ .
®,(B%)

polynomial. 6, (B) is the moving average

is the seasonal autoregressive

polynomial:
6,(B)=1+ 0 B+0,B"+---+0,B".
0, (B’) is the moving average polynomial:
©,(B")=1+0,B° +0,B” +
-+ 0©,BY.

Q are white noise error terms with zero

mean and constant variance.

The SARIMA model can also be
written as an infinite moving average (MA)
process, as shown in Eq. (3.2).

Yt = i Vi€,
i=0

where the coefficients y, are derived from

(3.2)

the infinite series expansion of the rational
function, as presented in Eq. (3.3).

0,(B)0,(B")
,(B)D,(B")

The standard error of the forecast SE(p,,,)
for an SARIMA model at /-steps ahead is

(3.3)
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calculated based on the accumulated forecast
error variance. This is given in Eq. (3.4).

Var(p,,,)=0" (1 + hz_iwf ), (3.4)

i=1

where o’ is the variance of the SARIMA
residuals. y, are the coefficients from the
MA representation.

The standard error of the forecast is
shown in Eq. (3.5).

h=1
SE()/)Hh) = \ Var(j}Hh) =0 1+ zlr//iz ‘
i=1
(3.5)

Finally, the (1-a)x100% forecast interval
for h-steps ahead is presented in Eq. (3.6).

h-1
Vien iza/z'o-1/1+zl//i2, (3.6)
=

where z_, is the critical value from the

standard normal distribution corresponding
to the chosen confidence level.

3.2 Exponential Smoothing State Space
Model

The exponential smoothing state space
model (ETS), specifically the additive Holt-
Winters’ method, is a widely used approach
for forecasting time-series data with trend
and seasonal components. This method
incorporates error, trend, and seasonality
additively. The model is formulated as
shown in Egs. (3.7)—(3.10):

v, =L ,+b_ +s, +& (3.7
L=a(y,-s,_)+0-a)l_ +b_) (3.8)
b=p1-1_)H)+1A-p)b,, (3.9)

St :7/()/[ _lt—l _bt—1)+(1_7)st—x> (310)

where y, is the observed value at time 7. /
is the level component at time ¢. b, is the
trend component at time 7. s, is the seasonal
component at time ¢. «,f,y are smoothing
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parameters. s is the length of the seasonal
cycle. g, is the error term at time ¢.

The forecast for h-steps ahead in the
ETS(A,A,N) model is given in Eq. (3.11).

j>t+h :Z[ +hbt +St+h7s(k+l) . (311)

The forecast interval for the /-step-ahead

forecast in the ETS method is presented in

Eq. (3.12).
.)A)t+h iZa/zs.E.()’}Hh), (312)

where
S'E'(-)’}Prh ) =

o-\/h(l+a2 +aﬂh+éﬂ2h(2h—l)) '

Here, o is the standard deviation of the
residuals and o« is a smoothing parameter
[27].

4. Time-series K-NN regression
Time-series K-NN regression
enhances traditional K-NN by effectively
capturing  temporal dependencies in
univariate time-series forecasting. This
approach leverages the relationships between
different points in time, leading to improved
forecasting accuracy. The steps are as
follows [28-30]:
1) Lagged Feature Vectors: Construct
feature vectors using lagged values:

Z; =i Vicperyoe - Vict >

where p is the number of lags.

2) Target Values: Define the target value
v, , corresponding to the future values to
be predicted.

3) Distance Calculation: compute the

Euclidean distance between the current
instance and all historical feature vectors:

d(Zij):\/Zp:(y,-k _yjik)Z, 4.1)

1

where i=12,....n—p.
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4) K-Nearest Neighbors:
nearest neighbors of Z, :

Q,={2,.2,....2,}.

5) Forecasting: Predict future values by
averaging the target values of the &
nearest neighbors. The corresponding
equation is shown in Eq. (4.2).

N B

Yi :Ezkﬂyz,( )

the target
the &

Identify the £

(4.2)

where are values

i,
corresponding
neighbors.

K-NN  with circular  bootstrap
enhances predictive performance by
quantifying uncertainty, a capability that the
standalone K-NN model lacks. Without
bootstrapping, predictions would lack
interval estimates, reducing their practical
utility. By integrating statistical resampling,
this approach provides more robust and

reliable forecasts [31, 32].

to nearest

S. Dataset

Forecasting durian export volumes
holds significant importance for Thailand’s
agricultural economy. As one of the world's
largest durian exporters, accurate predictions

help exporters align production with
demand, reduce excess inventory, and
support governmental agencies in

developing effective policies for trade and
resource allocation. Additionally, timely
forecasts assist logistics and distribution
companies in optimizing transportation
schedules to meet seasonal peaks.

The dataset used as a case study
consists of monthly durian export volumes
in tonnes from Thailand, spanning from
January 2011 to December 2023. The data
was  extracted from the  website
https://impexpth.oae.go.th/export. This
dataset provides an extensive view of durian
exports over multiple years, enabling a

comprehensive  analysis  of  trends,
seasonality, and variations in export
volumes.
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Fig. 1. Monthly durian export volumes from
2011 to 2023, showing seasonal patterns and an

increasing long-term trend.

Fig. 1 illustrates the monthly durian
export volumes from 2011 to 2023. This
plot highlights several key features. There is
a clear seasonal pattern with peaks and
troughs occurring at regular intervals. The
export volumes show significant variation
year-to-year, with some years experiencing
higher peaks than others. Additionally, the
general trend appears to be increasing over
the period, suggesting growth in durian
export volumes.
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Fig. 2. Monthly durian export volumes (training
dataset) from 2011 to 2023, separated by month
to illustrate seasonal patterns.

Fig. 2 represents the durian export
volumes separated by month over the years.
This plot provides insights into seasonal
variations. Each line represents a specific
month, allowing us to observe monthly
trends across different years. Months like
April, May, and June tend to have the higher
export volumes, indicating peak harvesting
and export periods. In contrast, months such
as January, November, and December
generally show lower export volumes.
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Fig. 3. Boxplot of durian export volumes
(training dataset) by month, highlighting
seasonal variability and distribution.

Fig. 3 shows the distribution of durian
export volumes separated by month. This
plot helps in understanding the variability
and spread within each month. The boxplot
shows the median, quartiles, and outliers for
each month's export volumes. April and
May exhibit the highest median export
volumes, with a wider spread, indicating
variability in exports. Lower median export
volumes and narrower spreads are observed
in months like January, November, and
December.

6. Performance Criteria

This section outlines the performance
criteria used to evaluate the accuracy and
reliability of both point and interval
forecasts generated by the proposed method.

6.1 Point forecast performance

1) Root Mean Squared Error (RMSE): Root
RMSE is a standard metric for assessing
the accuracy of point forecasts. It is
defined as follows [33, 34]:

1 —n R
RMSE = \/;Zl(y,. -5) .

RMSE provides a measure of the average
magnitude of forecast errors, penalizing
larger errors more heavily due to the
squaring operation.

Mean  Absolute  Percentage  Error
(MAPE): MAPE is another commonly
used metric for evaluating forecast
accuracy, expressed as a percentage:

2)
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Y=V
Yi
MAPE provides an intuitive measure of
forecast accuracy by indicating the

average absolute percentage error of the
forecasts [35, 36].

MAPE:lqul x100%.
n="r

6.2 Interval forecast performance

1) Coverage Percentage: The coverage
percentage evaluates the proportion of
actual values that fall within the forecast
intervals. It is defined as:

Covearge = 12;1( v, €[L,,U,1)x100%.
2

A higher coverage percentage indicates
that the forecast intervals effectively
capture the variability in the data [37,
38].

Interval Width: The width of the interval
forecast provides a measure of the
uncertainty ~ associated ~ with  the
predictions. It is calculated as

Width :lzl’_’ﬂ(L, -U,).
i

2)

A narrower interval width, given a high
coverage percentage, indicates more
precise forecasts [39, 40].

7. Methodology

This section outlines the methodology
used to propose the interval forecast for
durian export volumes in Thailand using K-
NN regression with circular bootstrap on
residuals. The process is described in the
following steps.

7.1. Data preparation

To stabilize the variance, a log
transformation is applied to the durian
export volumes. The time-series model is
additive, as shown in Eq. (7.1):

log(y)=T+S+C+1,  (7.1)

where T,S,C, and [ represent the trend,

seasonal, cyclical, and irregular

components, respectively. The trend
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component in our case study is estimated
using Eq. (7.2):

T —a+bt, (7.2)

+h,log(y)
where a and b are the estimated coefficients.
The detrended data is then obtained by

T log(y,)

t+h,log(y)

defined in Eq. (7.3):

subtracting from as

R, =log(y,) - T hrogn) (7.3)
where R is the “remains” component,
corresponding to S+ C+1, also referred to
as the detrended transformed data. This
transformation is essential for applying K-
NN time-series regression [11]. The
detrended transformed data is illustrated in
Fig. 4.

Detrended transformed data

2012 2014 2016 2018 2020 2022 2024
Date

Fig. 4. Detrended transformed data obtained
after removing the trend component.
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Fig. 5. RMSE in the training dataset as a
function of £.

7.2 K-nearest neighbors regression

A K-NN regression model is fitted to
the detrended transformed target values.
This involves searching for an optimal & .
The RMSEs of the training dataset for each
k are plotted in Fig. 5.
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The RMSE curve, while not perfectly
flat, shows negligible improvement beyond
k=3. Reducing the number of neighbors
also minimizes computational costs and
model complexity, which is particularly
beneficial when dealing with high-
frequency data.

— Train
—= Predict
— Test

- Forecast

2012-12

Fig. 6. Actual, predicted, and forecasted remains
(S+C+1) in log scale for the training and test

datasets.

In our case study, 24 lags were used
as independent variables. This choice is
particularly useful for capturing long-term
seasonal trends and patterns. The number of
lags can be determined through trial and
error, domain knowledge, or cross-
validation [41-43].

7.3 Generating Bootstrap Samples on
Residuals

The circular bootstrap on residuals, as
described in Section 2, involves generating
multiple bootstrap samples by resampling
the residuals:

A

e=R—-R.

1

The residuals exhibit an approximately
normal distribution, as shown in Fig. 7. The
autocorrelation values at all lags beyond lag
1 lie within the blue confidence interval
bands. This  indicates  that  the
autocorrelations are not  statistically
significant, suggesting that the K-NN model
has effectively captured the underlying data
structure, and the residuals do not exhibit
any systematic patterns.
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Fig. 7. Histogram of residuals in log scale (left) and autocorrelation function plot (right).

Then, the bootstrap samples of the
remains with added residuals are defined as:

Vi ={R, +e R, +e R

i+1 i1t -1

+ei,.+n71}9

where j=1,2,...,10000. In this case study,

the block length is varied from 1 to 12, and
the resulting bootstrap samples of forecasted
remains in the test dataset are illustrated in
Fig. 8.

It is observed that the length of the
bootstrap block (BL) does not significantly
affect the forecast distribution for any future
months, except for the first month. For the
first month, the forecast distributions tend to

Bootstrap Lines (BL=1)

Remains

Remains

have a heavy tail. In contrast, for BL values
ranging from 3 to 12, the forecast
distributions exhibit lighter tails and are
more concentrated around the point
forecasts.

It is worth noting that when the BL is
set to 1, the procedure resembles classical
bootstrap, which disrupts the serial
correlation in time-series data. This results
in wider, less reliable forecast intervals. In
contrast, for BL values of 3 or higher, the
circular  bootstrap  preserves  these
dependencies, producing more concentrated
distributions around the point forecasts.

Bootstrap Lines (BL=2)

Fig. 8. Simulated remains in the log scale with varying bootstrap block lengths.
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Bootstrap Lines (BL=5) Bootstrap Lines (BL=6)
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Fig. 8. Simulated remains in the log scale with varying bootstrap block lengths (continued).
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7.4 Extract the forecast interval

When using bootstrap resampling
with BL = 12, the lower (LB) and upper
(UB) bounds of the forecast intervals are
determined from the quantiles of the
bootstrap samples. Specifically, for a given
confidence level (1-a)100%, the «/2 and

1—a/2 quantiles of the bootstrap samples

define the lower
respectively [44—47].
The forecast intervals of R,

and upper bounds,

, at each
future time step ¢+ /&, where & represents
the forecast horizon, are computed as
follows:

LB, =Quantile,, ({Vb(l) N AN Al }),
UBy . =Quantile,_,, ({Vb(”, AT Al }),

where V", V2. V1 are the bootstrap

samples for the A-th forecast period.

7.5 Adding the trend component to the
forecast interval

Before transforming back to the
original scale, the trend component must be
added to the forecasted values and their
corresponding interval bounds while still in
the log scale. This ensures that the forecasts
and intervals account for the underlying
trend present in the data.
e Forecasted Values:

log(ys+n) = Rt+h + Tt+h-
e Forecasted Intervals:
LB

t+h,log(y)
UB

t+hlog(y) —

A

BRr+h +

UBR + f;Hl .

t+h

t+h

7.6 Transformation to the original scale
After adding the trend component, the
final step is to transform the forecasted
values and forecasted intervals back to the
original scale. This involves exponentiating
the  forecasted values and  their
corresponding interval bounds:
e Forecasted Values:

Ve+n = expllog(ys+n)].

e Forecasted Intervals:

LBH,W =CXp |:LBt+h,log(y) ]

=exp [UB

UB t+h,log(y):| ‘

t+h,y

8. Results

This section presents the point
forecasts for durian export volumes
obtained using the proposed K-NN
regression with circular bootstrap on
residuals. Both point and forecasted
intervals are compared with those from
SARIMA and ETS.

8.1 Point forecasts

Although point forecasts are not the
primary focus of this study, they play a
crucial role in constructing forecasted
intervals when using circular bootstrap on
residuals. The point forecasts generated by
the K-NN, ETS, and SARIMA models are
presented in Table 1.

Table 1. Comparison of point forecasts in

the test dataset.

Month  Actual K-NN ETS SARIMA
Jan23  16,598.6 15,2362 99534  11,796.1
Feb23 18,1183 16,8452 9,135.6 5,240.1
Mar23  36,684.6  36,889.7 253416  14,703.9
Apr23 3485277 165,036.7 128,624.5 100,374.4

May23 80,8543 75,6024 136,1782 126,790.6
Jun23  210,559.7 59,5035 76,0813  64,907.5
Jul23  109,118.5 856546 81,8369  70,138.1
Aug23 66,8553 1092043 84,1702  55,607.3
Sep23 62,0454  49.440.6  37,143.0  21,684.8
Oct23 159212 14,8487  14,269.3 9,074.0

Nov23  10,551.5 8,085.8  11,121.7 9,677.0
Dec23 157119 14,5674 156217  13,613.2

&9

The point forecasts for April 2023
show a significant deviation across all
models. This discrepancy can be attributed
to the high variability in April 2023, where
the actual durian export volume reached
348,527.7 tons—substantially higher than
the maximum observed value in the training
dataset (approximately 250,000 tons), as
shown in Figs. 2 and 3. This extreme value
highlights the limitations of all models in
capturing unseen extreme variations.
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A detailed performance comparison,
including RMSE and MAPE across the
training and test datasets, is presented in
Table 2. The K-NN model outperformed
ETS and SARIMA, achieving the lowest
RMSE and MAPE values. Specifically, K-
NN achieved RMSEs of 65,300 (training)
and 70,136.5 (test), compared to 77,148.8
(training) and 86,654.5 (test) for ETS, and
86,073.5 (training) and 90,210.2 (test) for
SARIMA.

Table 2. A comparison of RMSE and
MAPE across training and test datasets.

Model RMSE RMSE MAPE MAPE

(Training)  (Test) (Training)  (Test)
K-NN 65,300.0 70,136.5 22.5% 24.1%
ETS 77,148.8 80,654.3 34.6% 35.3%
SARIMA 86,073.5 90,210.2 44.2% 44.9%

Table 3. Comparison of forecasted intervals
in the test dataset.

Month Actual Lower Upper Width
Jan 23 16,598.6 4,188 40,576 36,388
Feb 23 18,118.3 4,630 44,861 40,231
Mar 23 36,684.6 10,140 98,243 88,103
Apr23  348,527.7 42,920 439,518 396,598

May 23 80,854.3 19,661 191,423 171,762
Jun23  210,559.7 15,475 150,661 135,187
Jul23  109,118.5 23,544 216,875 193,331

Aug 23 66,855.3 28,400 276,503 248,103
Sep 23 62,045.4 12,858 125,182 112,325
Oct 23 15,921.2 4,076 39,544 35,469

Nov 23 10,551.5 2,223 20,473 18,251
Dec 23 15,711.9 4,004 38,795 34,791

8.2 Forecasted intervals

The proposed interval forecasting
method, which applies circular
bootstrapping on residuals, produces

substantially narrower forecasted intervals
compared to ETS and SARIMA,
particularly in May and June 2023, as
shown in Fig. 9.

On average, the mean widths of the
forecasted intervals for the K-NN, ETS, and

SARIMA  models are approximately
125,615.14, 161,188.08, and 160,176.04,
respectively.  The  interval  coverage

percentages are 91.67% (11 out of 12
months), 100%, and 100%, respectively.

Table 3 summarizes the lower and
upper bounds along with the corresponding
interval widths. Although ETS and
SARIMA models provide full coverage,
their intervals are, on average, 22% wider
than those of the proposed method. This
suggests that while ETS and SARIMA offer
greater coverage, they do so at the cost of
less precise intervals.

Notably, the proposed method’s
interval failed to cover the actual value in
only one instance (June  2023),
demonstrating its effectiveness in balancing
interval width and coverage.

500,000

400,000 A

300,000 A

Durian Volume

200,000 4

100,000 -

SoT - -
S ek
=D

=@= Actual
-‘- Point forecasts from ETS
95% ClI of ETS
Point forecasts from SARIMA
95% CI of SARIMA
sy Point forecasts from KNN
95% CI of KNN with circular bootstrap
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Fig. 9. Forecasted intervals for durian export volumes in 2023 using K-NN with circular bootstrap,

ETS, and SARIMA models.

90



P. Kamlangdee and P. Srisuradetchai | Science & Technology Asia | Vol.30 No.1 January — March 2025

9. Conclusions and Discussions

This study introduced a novel interval
forecasting approach that integrates circular
bootstrap on residuals with K-NN
regression to predict durian export volumes
from Thailand. The proposed method
effectively captures non-linearities and
seasonal complexities, offering significant
improvements over traditional forecasting
models such as SARIMA and ETS.

The comparative analysis
demonstrated that K-NN with circular
bootstrap outperforms SARIMA and ETS in
forecast accuracy, achieving lower RMSE
and MAPE values, which indicate superior
point forecast performance. Moreover, the
forecasted intervals generated by the
proposed method were substantially
narrower, particularly in May and June
2023, while maintaining a high coverage
percentage.

While the proposed method produces
narrower intervals than ETS and SARIMA,
it comes with slightly lower coverage.
However, in practical applications, more
precise intervals provide better guidance for
decision-making, especially when a slight
reduction in coverage is acceptable in
exchange for higher specificity in
predictions.

The superior performance of K-NN
with circular bootstrap can be attributed to
its non-parametric nature, which allows it to
adapt dynamically to non-linear patterns,
irregular seasonal peaks, and emerging
trends. In contrast, SARIMA and ETS rely
on predefined functional forms, which limit
their adaptability to complex variations in
durian export data.

However, this study also identifies
limitations. In April 2023, all models,
including the proposed method, deviated
significantly from actual export volumes
due to an unprecedented surge in durian
exports, which was not represented in the
training data. This highlights the challenges
of forecasting extreme values and outliers,
emphasizing the need for further refinement

91

in capturing rare but impactful market
shifts.
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