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[Abstract]

As climate change and global uncertainties continue to grow, long-term agricultural commodity price forecasting is becoming
increasingly important. However, traditional statistical and machine learning models struggle to capture the complex inter-variable
interactions, while recurrent-based models face limitations in handling long-term dependencies and interpretability. Addressing
these challenges, this study employs the temporal fusion transformer (TFT) to predict agricultural prices and analyze the
importance of variables during the learning process. Experimental results show that the average mean absolute percentage errors
for 96- and 192-day forecasts are 7.54% and 11.72%, respectively. Furthermore, key variables in the prediction process are
quantitatively assessed utilizing the variable selection network (VSN) in TFT, thereby improving the model's interpretability.
Finally, this study suggests that TFT-based models can be applied to various decision-making processes in agriculture, including

production planning optimization, cost management, and policy development.
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Table 1. Prior studies on the performance of agricultural price prediction model

Forecasting

Model Type Paper Title Authors Models Used Period ltems
Ensemble Approach Based on
Bagging, Boosting, and Stacking for Ribeiro M.H.D.M., dos RF, GB, XGB,
Short=Term Prediction in Santos Coelho L. Stacking Monthly (M+1) Soybean, Wheat
Agribusiness Time Series [16]

ML
A Design and Implement of Efficient ImdJ. J., KimT. W., DACON
Agricultural Product Price Prediction Lim J. S., Kim J. H., égtEI;B%%Sstt‘ vaigk%ﬂ?’ Agricultural
Model [17] Yoo T. Y., Lee W. J. ’ Price Data
A Prediction Model for Agricultural ) ) ) Green Onion,
Products Price with LSTM Sungho Shin, MWoung | | gy paly (thg "047) | Onion, Zucchini,
Network [10] ’ g o ’ ’ Rice, Spinach
Forecasting Agricultural Commodity Gu Y. H.,JinD., Yin ) )
. ) . ; Dual Attention Radish,

Prices Using Dual Input Attention H., Zheng R., Piao X., LSTM Monthly (M+4) Cabbage

LSTM [12]

Yoo S. J.

Deep-Learning—Based Price
Prediction by Outlier Detection and

Chan Park,

Napa Cabbage,

Processing for Agricultural Kyung—Soon Lee LSTM Dally (D+1) Radish, Onion
Commodity Prices [11]
A Study on Agricultural Commodity . Pork, Chinese
DL Price Prediction Model Based on g””&énpe's""' 'SiCHaO VMD-EEMD- Weekly (W+1, | Chives, Shitake
Secondary Decomposition and Long (2'(’)23) ER LSTM W+2, W+3) Mushrooms,
Short-Term Memory Network [20] Cauliflower
G. H. Harish Nayak, Md Tomato, Onion,
Exogenous Variable Driven Deep Wasi Alam, K. N. Potato
Learning Models for Improved Price Singh, G. Avinash, NBEATSX, Weekly (W:1) (Exogenous
Forecasting of TOP Crops in Rajeev Ranjan Kumar, TransformerX Y Variables:
India[17] Mrinmoy Ray, Chandan Rainfall,
Kumar Deb Temperature)
A Multi-step Time Series Forecasting ) ) Onion,
. Park J., Lim D. H. Daily
Model for Mid-to—Long Term .y y LSTM _ Cucumber,
Agricultural Price Prediction [5] Choi Y., Ahn H. (2023) (D+30~D+365) Cabbage
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Case Type Paper Title Authors Summary
Proposed the LIME method to interpret
LIME Why Should | Trust You?[23] Ribeiro,Singh, Guestrin | Machine leaming model predictions,
emphasizing model interpretability and
directness.
A Unified Approach to Interpreting Introduced the SHAP framework based on
SHAP Lundberg, S. Shapley values, enabling fair and consistent

Model Predictions[24]

interpretation of model predictions.

Deep Inside Convolutional
Networks: Visualising Image
Classification Models and Saliency
Maps[25]

Gradient—Based
Methods

Simonyan, K., Vedaldi, A.,
Zisserman, A.

Used gradient—-based techniques to
generate saliency maps, visualizing
important input regions for predictions in
CNN models.

Temporal Fusion Transformers for
Interpretable Multi-Horizon Time
Series Forecasting[14]

TFT (Temporal Fusion
Transformer)

Lim, B., Ark, S. O.,
Loeff, N., Pfister, T.

Proposed TFT for sequential data, improving
interpretability and accuracy in multi—horizon
time.

http://dx.doi.org/10.9728/dcs.2025.26.3.821



o B ok g oR e Kol Bl ol
W Ao} g FEAG, B ATHE B 2412 54
Sk 1 ) o] ofelgol T 74 T fe) 18]
v gkl ol.

A, 71 BAEE 47 SAE 71 A delele]

TS amyor xS
Recurrent 7]4F R dloj]

< Agfshz = EA7F U9

0. 58] Fue AT

sJEsta Qlol, 4714 924

N
FU

=+

S, S we] Qe A8l ek Eoke Hlol 2
AR AR B A 715, Y, 44 w5
CRRE ST 9l 2 9P Wik web FE A4
o5 R AAG FlolE] AAle] Hgunt opek, 213
Q1e] QJaA) Al W 4 glojok B,

Folurt dZe] 3342 B AFgA) AR A
Ash= Aloltt. o) % wle] Fgo] Z7hgel ute} melolA]

ANE lSgke] 2AE B AZSHE S FsA o
Fas a7gos seua gk et @) HAHE )
7 el 5 Rofel A oleldt s P54l e =2)7} o7
3] RE3t gapolch,
olol] ne} ¥ QA AR Fh2e] 4718 olE e AR
A3

of
?

2 N7}alste]
]x% og Xﬂ/\] 3o 2 A 7= A7)
Aol 18T Fh),

0|23 1z

3-1 Temporal Fusion Transfomer (TFT)

%2 917 Held e, o dol
52 w017) 9130 o2 714 A4 Ay
= o g

TFTE AlAIE
Al gt dnts}
=S =3t TFT VEY A 7+%

o e

=

2 HA 2, Gating Mechanisms &-&3fo] 523 AE
S aHoE AASI, HEHFS] dolE H54e= =4
sto=x] Ait BHALE W, o) Bddlo] HA3kSs ]Sk
WAL Tkt dlolE Aol A P4 AR Ad5s Ho|EF git)

F AR, VSN2 3 °u Ha: 2 o2 Fonj3l o
Anke Auiste] sigral], BHad wol2g Zlth o
o] AA| AAE dolH+= ]%Jﬂr Aoz AALR] F
& e AFES Tsla gom® o]gdl Wg A 3y
2 2o 4 s s SAl TIE Fast
AgS- gt}

2g3to] 47

A~ E ME(context vector)

Al HAJZ, Static Covariate Encoder®
31
[e)

gy

H

ZH(static covariate)<

825

1z

Temporal Fusion Transformers &St 5l

2 Hgkela, o)& AA MEY A9} At o= /P Qx
E2ol] tgt 173 548 Bl Rkdsie] B Gusth oS
o] 7Fssles stk o, dld =RolMs AY Fugs 28
A o} BE AA context vector 002 7|36}
Forcass { Jror wee S}
B S
rddshom o~ —-
(3) Temporal Fusion Decoder S s i
Feed-torward

(Temporal
|Self-Attention

Static
Enrichment

(2) Variable Selection Network

Past Inputs
38 1. TFT A5t
Fig. 1. TFT Diagram

Known Future Input

npx]uto 2 Temporal ProcessingS E3al A|AY o]
o 7] 2 7] 5448 2o S5t ol & 95
seq2seq #o]o]E &-8ale] 27 Aol e] S-S Z &3}
11, Interpretable Multi-Head Attentiong 3l &7]%1¢l
Al TF oS TEEt) olgf gt T aw Bdlo] AAE

olglo] e ElS K} 34 07 o]F5lE R FeolE )

3-2 Variable Selection Network (VSN)

TFT+ Instance-wise W= A8 7|H-S 28319, static
9 time-dependent FHHFES LT 5 A WHP F o
Soll JA5E 84S AEglit] o] Rdlo] B ash ¢
g WFE FAER, B 9y gl SRS SGetE S

W Wl di3lx+= Entity EmbeddmgE a3},
43 M=o tJajA= Linear Transformations =33k
oh TS B A 2 AR Qe WSl djsl AP ARl Bl
A MEHIE T3t Agght

FAHo R ZF A oA MY S &8 st BE
o] AR ol tiE JHES] flatten MEIE 5,2} 31,
VSW v, += Thaat} o] A ejth

vy, = Softmax(GRNul(E,,cs))

ro
)

1714 ¢ Static Covariate EncoderE 3
2E "HEo|H, o] A4 Wgo FE2H ARE

HH AlArkE GRNS E3ll W8¥ 49 & ()& Alsh, o
& 1Ay WEks F3l AAlshks Aol S Th

de A
hva

5151

T

o &

http://www.dcs.or.kr



C|X | 2El = &h5=&X|(J. DCS) Vol. 26, No. 3, pp. 821-832, Mar. 2025

o, AFHOR RE Wee AES B A U )
B &E T8 5 90w, o) theat go] L)

ét = Zyvxt(]) ° Ez(j) (3)
=1

9 AolA v, () WS A8 AR W 4,0 A 2
A8 oJujait), o]el3t TS F8) TET A7 vlole] 1)
oA ou] = EAE EnHoR Melsh, BHas ol

=5 AAE 5 Ak
3-3 Interpretable Multi-Head Attention

Attention Mechanism-2 7 2](Query)2} 71(Key) k2] -
AEE 7Nk R RS @dsta, o] o]g3] FH(Value)
< 7Fdshe WAl oR sk, AAE dolHe] Fa%
ARE mafAor Wgd & =5 ) Attention
Mechanisme =812 0 2 023} 2bo] FHHTH

T

Attention(Q, K, V) = softmazx( QK

e

714 Q¥ Query, K+ Key, V& Value, d,v Key9
2 o™, softmax e 7RIS SE B FHlE A
raleit), # At A E-8% TFTE Dot-product Self-
Attentions 4-83te] 949 AFX2 U] 84 7] JABAE
8k53HH | Multi-Head Attention £33l v}z <1 3ol A
AZHA o)EA T W ko] AEAgS Rdydit) 59
TFT% Interpretable Multi-Head Attention %5 =<
sl, BE S=ddA FYE Value HEHE FHsta ol
Additive Aggregation W2 Agstowx 2zt =7}
54 AR 9 Al FSelEAE 2Ele] s e s
A BHES A = At

o] ZHellA oY ol 8y et VEAE A
Linear Projections AX 7}7}9] @, K,
m, o]F F3 A= tE HHS
AAETE AR F=t= A9 8 Wl F5stal, v
o= v IS Rid o2 H, v A AIE tlo]E
oA Hitdk olEge avpHor Rd"E & vk &g
Attention 7Fax]9] A|7tslE F3) Edo] E4
AlA AHAAS gl WAE A4S = 9o, 3
3} Frg/do] FrFT

)V 4)

http://dx.doi.org/10.9728/dcs.2025.26.3.821

V. ClojEf 3 A7 YWY

A 1Y 29 g TelQ9aR APt 54
BE o RS A48 F deleE Ax g,
WAl wd B o IS Bal slolsistetle
Ho) mag Agstel Ast NS 19

l

Investing.com, 7|43, KOSIS, KAMIS

Backward Elimination, Correlation Analysis

Data preprocessing Padding, Normalization

Optimization

RNN, LSTM, NBEATSx, NHITS, TFT

Model Training

Model Evaluation MAE, MAPE

Output Visualization, Feature Importance,

I i " .
el ilpEEion Attention Importance per Timestep

O3 2. o7 =Zge3a
Fig. 2. Research framework

« Jo _Ju _Jo  JC  Jt )

4-1 Hjo|E| £

e
2

TolE FE 7 oS B TS 918l Thlst o]
ZE3I3E s 714 wlolE], 71 HlofE], E7HA
Q1 7 dlolE], f7} Hlo]ElE 24} “Investing.com”,
", “KOSIS”, “KAMIS"el|M S=3l$ick.

W= A eEs v euge s FESk
gt AAIE HlolH e SA4E e o b
= 2dlo] 8kg A5S FAIT17] Sl
WE s Ho A =uvhE dolEE A8k
25 Il 74 a5 2 AREE

(o=
PR

O R L L)
A% Relsh BaA AHg- g,
BE FoE Y W

89, TFY, 4 5)E T

¢
Ll

& m
o> HE
;LP
N:

)

N
oX}

o i
i)

)

o
e

o
R
2 8

M
1
)

~

%,

K
J
o d

o o

=P | YO =
A

]
-
o
b
o2
ne &
N
aw

AN o
ol
ol

E
ot

o
o

fo 1z r
(R oox it

2y
S

o

o,

[e]
s
a4

o T
of
rE
ol
ol

>
w5 (I
N
o
R
o
lo oo 2 e
NI
o o
o T
o o
rr
[N}
o
(@]
—
L
(@)}
e
—
me
Iz
nj
[\
(@)
[\]
w

(L
e re
0 4
|t m§
>
~
filo
55|
i
QL
=3
o
e
fetl
o
%
it
y
ﬁl
[

A}

[

of] AABIATE

% A5 717 A7) 4
Aok A8 Aol M durE o= 489, 964
o F7)7ro 2 AAsh, B Aol A= o] 2%
2 249 w5 IAIE aeisle] 9647 192Y
o]Z 93k A% 7IzterE oS )7k F ujel 192
3842 AAgstglom, o)= a9 71F WlellA] stride 1

A A%5E 537 3ol

O

"
i
=2
N
fr
>,
o
0,
ally
(0
ol
o
e

ol
—_-

jud
-

Ik
o |
—
©
)
ol 1o [l
o o

LU
il
o, o
_O‘L
3%
o

©
g

b
S



x3 35

A
T

Table 3. Target variable

Column | Definition Description Period
Daily retail price of onions,
y Price apples, and sweet potatoes Daily
(KRW)
¥ 4. 1 WY
Table 4. Past covariates
Column Definition Description Period
ds Date Date data Daily
Soil National daily
TS AVG temperature average soil Daily
P temperature (°C)
Specialist National total
CATOT amount specialist amount Daily
(x1/10)
Sunshine National daily )
SS DUR duration sunshine duration Daily
West Texas
WTI Crude oil Intermediate (WTI) Daily
price (USD/barrel)
Producer Price Base year index
PPL 1 index (2020 = 100) Monthly
Consumer Base year index
CPL | Price Index (2020 = 100) Monthly
Import Price Base year index
1P Index (2020 = 100) Monthly
Fresh Food Base year index
FFL 1 Price Index (2020 = 100) Monthly
¥ 5. o2 SHFE
Table 5. Future covariates
Column Definition Description Period
days from Cumulative Cumulative days _
start days since the start date
day of week Day of week Day of the week -
day of month Day of month | Day within the month -
week of year Week of year | Week within the year -
month Month Month within the year -
4-2 OjH MA
2 male 2 AHo) WeE S 5 Arks %
ol 3 ]J ransformer 7|4k 28 12 ¥|x]o] 47} W
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S A7) wit o g2 FET o] g EAlE Hetka)
7] $18f i Aol s doiE o B2 W) At
G WEE Agshs 23 AR AL $09 TR
71, BV, EY B ¥S T 4 g2 E S

Temporal Fusion Transformers &5t 5ll4] 7}s5t 42 714 ol &
HAZH oz 14709 WFuks Adste] Ao g5tk
Wé% W5 ohal 4-1 HloJE] oA Al K o2 Aoy

2 dlojele] et 7 1A
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4-4 AL

2 ATE Se RS &85l oS S vasta
A} sk o] 93l Recurrent 7]¥HRNN, LSTM), MLP
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¥ 62 aruke) g oide R tekst o5 7]17H96,
192)7 thekst " Z=(RNN, LSTM, NBEATSX,
NHITS)®] A5-& vlagt Azls Jepdc) 24 Ax), 3
vl 79 Recurrent 7]WF 229l RNN¥ LSTMel| H]3l
MLP 74t 2dle]l NBEATSx9F NHITSE] Ao Atha o
2 53 Aoz vehdt) v ko] 7§ Recurrent 7]
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5 71558 o uigk Ht MAPEE 9.63%% YE}
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6. ZHHE Ms
Table 6. Performance by model

Product Period model MAE MAPE (%)
RNN 556.26 18.15
LSTM 536.02 17.69
96 NBEATSx 391.02 12.82
NHITS 396.28 13.02
Sweet TFT 87.21 2.96
Potato RNN 633.43 21.21
LSTM 305.48 10.13
192 NBEATSx 331.02 10.96
NHITS 322.39 10.74
TFT 305.15 9.94
RNN 317.9 21.71
LSTM 330.52 22.86
96 NBEATSx 306.6 22.9
NHITS 289.91 21.66
Onion TFT 163.44 12.12
RNN 236.89 15.64
LST™ 469.77 30.82
192 NBEATSx | 1203.47 81.4
NHITS 1067.7 73.16
TFT 206.3 13.5
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