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Abstract. Indian farmers experience ongoing income volatility from fluctuating market prices, which erodes their financial health and long-term
sustainability. To resolve this issue, a revamped Temporal Fusion Transformer (TFT), a state-of-the-art deep learning model is proposed for time-series
forecasting with applications in agricultural price prediction. The TFT takes into account critical factors, including rainfall and temperature, previous
price trends and market pressure in giving accurate, actionable forecasts to farmers. The model performed well when trained on a large database
from Krishna district, Andhra Pradesh, India between January 2017 and September 2024. The TFT model achieved a RMSE of 99.13, MAPE of 2.16%,
MAE of 72.08 and an accuracy rate of 93.24%. The system also allows the farmer to compare the forecast with the MSP and give them a very precise
suggestion to maximise their revenue. It allows for farmers to take proactive decisions and supports an aware decision making approach by mitigating
price volatility and stabilizing income.
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PROGNOZOWANIE CEN PLONOW Z WYKORZYSTANIEM TEMPORAL FUSION
TRANSFORMER DLA OKREGU KRISHNA W STANIE ANDHRA PRADESH

Streszczenie. Indyjscy rolnicy borykajq sie¢ z cigglq zmiennoscig dochodow spowodowang wahaniami cen rynkowych, co negatywnie wplywa na ich
kondycje finansowq i diugoterminowq stabilnosé. Aby rozwigzaé ten problem, zaproponowano ulepszony model Temporal Fusion Transformer (TFT)
— najnowoczesniejszy model uczenia glebokiego — przeznaczony do prognozowania szeregow czasowych, ktory znajduje zastosowanie w przewidywaniu
cen produktow rolnych. Model TFT uwzglednia kluczowe czynniki, w tym opady deszczu i temperature, wczesniejsze trendy cenowe oraz presje rynkowq,
dostarczajgc rolnikom dokladne i przydatne prognozy. Model sprawdzil si¢ podczas szkolenia na duzej bazie danych z dystryktu Krishna w stanie Andhra
Pradesh w Indiach w okresie od stycznia 2017 r. do wrzesnia 2024 r. Model TFT osiggngt RMSE na poziomie 99,13, MAPE na poziomie 2,16%,
MAE na poziomie 72,08 oraz wskaznik dokladnosci wynoszqcy 93,24%. System pozwala réwniez rolnikom poréwnaé prognoze z MSP i daje im bardzo
precyzyjne sugestie dotyczqce maksymalizacji przychodow. Umozliwia to rolnikom podejmowanie proaktywnych decyzji i wspiera swiadome podejscie

do podejmowania decyzji poprzez tagodzenie zmiennosci cen i stabilizacje dochodow.

Stowa kluczowe: prognozowanie cen upraw, trendy klimatyczne i cenowe, TFT, modelowanie wieloparametrowe, MSP

Introduction

Agriculture holds the key to supporting the world population,
a role that is further increasing with the increase in the world
population. Farmers are the backbone of India's economy.
However, they face many challenges, such as price volatility
uncertainty driven by climatic factors, market demand changes,
and transportation system inefficiencies [6, 8, 20, 26]. These
induce income instability and render it difficult to decide
the optimal time to harvest crops. Accurate price forecasting
enables farmers to forecast market tendencies, plan harvesting
efficiently, and minimize reliance on speculation [9]. Moreover,
the comparison of predicted prices with the Minimum Support
Price (MSP) empowers farmers to make sound choices, selling
through government-managed markets when the expected price
is less than the MSP supports income stability, while selling
through private markets when predicted prices are equal
to or greater than the MSP supports improved selling decisions
[5]. This reduces financial risk, improves income stability,
and strengthens farmers’ livelihoods.

Machine learning and deep learning are presently disruptive
technologies capable of reading big and complex data to find
patterns that might not be apparent by conventional means.
Machine learning builds models that learn from examples,
whereas deep learning uses neural networks to find complex
and temporal patterns [18]. These techniques have been used
to provide estimations of seasonal, cyclical and non-seasonal
price variations in the past markets for helping farmers make
decisions over selling, storage and marketing decisions on produce
with reduced risk [4]. The income generated from MSP directly
contributes to financial returns of farmers and in turn stabilizes
the farm economy [8].

The Temporal Fusion Transformer (TFT) is a deep learning
model for explainable time series forecasting that integrates
the power of transformer models and Recurrent Neural Networks
(RNNS) to track short-range and long-range temporal dependen-
cies in multifaceted datasets. The TFT automatically selects

discriminative input features using gating mechanisms, variable
selection networks, static covariate encoders and temporal
processing layers. It does the opposite by focusing on vital
time steps and variables, which leads to an increase in accuracy
and interpretability. It also combines different data sources
and automatically includes static covariates, and is thus more
appropriate for multivariate time series forecasting [7, 28].
Through processing past prices, weather patterns, and market
demand, TFT produces price forecasts that reflect trends, such
as seasonality and irregular fluctuations.

1. Related work

Cheung et al. developed a three-dimensional Convolutional
Neural Network (3D-CNN) with a clustering structure to forecast
the crop prices, a promising forecasting accuracy has been
achieved with a Mean Absolute Percentage Error (MAPE)
of 0.083, a Root Mean Square Error (RMSE) of 40.39
and an MAE of 32.31 [3]. Xu et al. compared two variants
of the Nonlinear AutoRegressive Neural Network (NARNN)
and its augmented model with exogenous inputs (NARNN-X)
for prediction of daily prices series of soybeans and soybean oil.
Their findings revealed that the prediction accuracy of both
models was stable and high, but NARNN-X had slightly better
performance. In particular, the average Relative Root Mean
Square Error (RRMSE) for soybeans and soybean oil are 1.701%
and 1.777%, respectively on NARNN, while slightly lesser values
of 1.695% and 1.775% were found on NARNN-X [23]. While
Soni et al. implemented machine learning models, such
as Decision Tree Regressor and Random Forest, utilizing publicly
accessible agricultural data provided by data.gov.in. According
to their outcomes, the predictive accuracy of the Decision
Tree model was 92%, which proved to be superior to that
of the Random Forest model, 88% accuracy [19].

Kurumatani suggested that Time Alignment of Time Point
Forecast-Long Short-Term Memory (TATP-LSTM) model
for the forecasting of agricultural prices based on National
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Horticulture Board data, and obtained a 0.83 correlation
for the price of tomatoes and a 0.98 correlation for onion prices
in India [13]. Harshith et al. compared the LSTM, GRU, RNN,
Deep Neural Network (DNN) and Stack-LSTM models
in predicting agricultural prices based on Indian Agriculture
Market Information Network data and achieved the superior
performance by using Stack-LSTM crashing with RMSE
of 3115.10, MAPE of 12.25% and Mean Directional Accuracy
(MDA) as 0.51 [10]. Mahto et al. used the Autoregressive
Integrated Moving Average (ARIMA) model to forecast
sunflower seed prices in the Indian market, achieving a MAPE
of 2.30% and a RMSPE of 3.44%, which indicates strong
short-term forecasting performance. The results demonstrate
that classical time-series models like ARIMA can effectively
capture price trends without relying on deep learning approaches
[12]. Purohit et al. tested Multiplicative-ARIMA-SVM on fore-
casting agricultural product prices and obtained 0.83 and 0.98
correlation values for tomatoes and onions, respectively [17].

Subhasree et al. created a Genetic Algorithm Neural Network
(GANN) to predict agricultural prices based on Tirupur New Bus
Stand Ulavar Market pricing data. They achieved a total accuracy
of 89% overall [21]. In another study, Nassar et al. developed
a hybrid model composed of an Attention based Convolution
Neural Network and Long Short-Term Memory (ATT-CNN-
LSTM), as well as Average Growth Model-Weather to Price
(AGM W2P) and Weather to Yield (W2Y), compared against
one another. Performance statistics consisted of 23.53 as an AGM-
W?2P score, a W2Y score value of 0.03, and an R-squared (R?)
value of 0.83 [16]. Yun et al. implemented a Bi-directional Depth-
wise Separable Convolutional LSTM with Attention mechanism
(Bi DSConvLSTM-Attention) for the prediction of grain futures
price, having solid performance figures of RMSE equal to 5.61,
MAE of 3.63, MAPE of 0.55, and R? equal to 0.9984 [27].
Additionally, Li et al. introduced the Time-Series Prediction
and Causal Dynamics Regression (TPCDR) model to predict
vegetable prices. The model recorded high accuracy on various
levels: 99.62% in natural conditions, 99.82% in supply conditions,
91.69% for demand elements, and 93.56% for economic policy
effects [14]. Elbasi et al. in 2023 made a comparative study with
15 machine learning algorithms for crop prediction. The Bayesian
Network (BN) model achieved the highest accuracy of 99.59%,
followed by Hoeffding Tree and Naive Bayes (NB) models
with 99.46% accuracy [6].

Yang et al. introduced a new model called Fusion Transformer
(FusFormer) for predicting Mooney Viscosity, which surpassed
earlier transformer-based models by obtaining an RMSE of 3.37
and a Root Relative Squared Error (RRSE) of 0.321 [25].
Avinash et al. proposed a deep learning model constrained
by Hidden Markov Models (HMM) for time-series forecasting.
Their HM-GRU model was very effective in terms of predictive
accuracy for the short-term forecasts. For example, the RMSE,
MAE, and MAPE values for the 1-week prediction were 79.69,
61.72, and 4.30%, respectively. For the 4-week and 8-week
forecasts, the RMSE, MAE, and MAPE values were 113.86,
91.29, 6.49%, and 157.07, 123.60, 9.10%, respectively. For long-
term prediction at 12 weeks, they demonstrated that the HM-
BiGRU vyielded the best with RMSE, MAE, and MAPE
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values of 182.19, 151.52, and 11.18%, respectively [1].
Guo et al. proposed the Attention-based LSTM-ARIMA Back
propagation Neural Network (AttLSTM ARIMA-BP) model
for forecasting corn prices in Sichuan by incorporating
the Attention Mechanism, LSTM, ARIMA, and Back propagation
Neural Network (BPNN). The hybrid model had a highly accurate
MAPE of 0.0043%, an MAE of 1.51, and an RMSE of 1.642 [9].

2. Proposed methodology

The crop price forecasting system aims at helping farmers
to predict the prices of crops and find appropriate selling places
in relation to MSP. It is designed in an intuitive and user-friendly
manner for farmers to input crop information, and get accurate
price prediction without stress. It also provides practical sugges-
tions for decision making, so that farmers can maximise
agricultural profits and sales strategy.

2.1. System architecture

Predicting vegetable and crop prices begins with acquiring
the past price information, climate information which includes
rainfall and temperature, market data. The data is cleaned, address
missing values and prepared for analysis. The TFT model
is utilized by defining its architecture and selecting relevant
features. Subsequently, the model is trained on a portion
of the data set on which it learns patterns and fine-tunes
its internal parameters. The train model is then tested on unseen
data to be able to quantify its generalisation power,
and predictions are compared with ground truths as a mean
for the validation of the performance. Finally, the model
is deployed in real-time with a web-based application. Farmers
can enter crop data, get price forecast and compare MSP to find
out which selling point will fetch them maximum profit.
The smart agriculture platform enables farmers to make data-
driven decisions that improve profitability and sales strategy.
Figure 1 depicts the suggested system architecture for crops
and vegetable price prediction using TFT.

2.2. Architecture selection

Traditional forecasting models, such as statistical models
like ARIMA and SARIMA, tree-based models like XGBoost and
Random Forest, and deep learning models like LSTM, GRU, and
CNN-LSTM, have been proven to work in many applications.
They usually fail to incorporate short- and long-term dependencies
in sophisticated, multi-input time series data. The modified
Temporal Fusion Transformer (TFT) is employed as it can deal
with sequential data and learn high-level temporal features Figure
2. TFT deviates from regular recurrent models by merging LSTMs
with advanced attention mechanisms, enabling it to pinpoint
significant features and minimize the effects of noise in
agricultural data. In addition, TFT effectively models high-order
temporal relationships and multi-dimensional inputs by combining
recurrent layers to recognize short-term patterns with self-
attention mechanisms to acknowledge long-term relationships,
thus being a robust and reliable forecasting tool [11].
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Fig. 2. TFT architecture for crop price prediction

2.2.1. Data preparation

a. Raw data

P;: Daily market price (Rs.) of crop i.
R, : Daily rainfall in mm.

T, : Daily average temperature in °C.
Z4 : One-hot encoded vectors for day d.

b. Data aggregation
Compute weekly wise average market price (B,), rainfall (R,,)
and temperature (Ty)-

P_ Zd 1PdvR - Zd lev Zd le (1)

c. Normalization
Z-score normalization scale daily price P; over a week j, where

PM(,j) and a‘f,j) the average market price and standard deviation
of market price in week j.

py—pPY

Pscatea = .0

w

@

d. Time series data

Weekly time-series data x; = [Pscqiear Rw» Tw] € R3, day-of-week
vector z, € R’.

2.2.2.  Input specification

a. Past Inputs: Historical time series for each crop x;_;.;—q-
7 is the lookback window, and t is the start time of the forecast.
@)

Xe-1} € R
b. Future Known Inputs: Pre-determined variables (e.g., day
of week indicators), donated as z;.;..,, where the forecast horizon

is h.
4)

Xt—git—1 = {xt—‘n R

- hx7
Zern = {26 - Zean} ER

Known Dav of Week Indicators

\ Network (VSN)

Metadata: ~ Time-invariant covariates, denoted
Sm}, Where m is the number of static features
0] for bitter gourd).

(®)

c. Static

as s = {sy,Sy, .\,

(e.g., (m = 22) number of crops, s; =[1,0, ...,
s={sy,.,Sp} ER™

2.2.3. Static context encoding

Static metadata s is processed using a Gated Residual Network
(GRN) to produce enriched static context ¢, € R%: ., It consists
of two dense layers, an Exponential Linear Unit (ELU),
Gate (tanh activation function), and Add and Norm layers.

es = tanh(W; g ELU(Ws, s + bgy) + bsg)
Q(WleLU(WSZS + bsz) + bsl) (6)
¢s = GRN,(s) = LayerNorm(W, ,osS + e) (7

Wy, Wy res € RI™ Wy, Wy € R™¥h and by, by, bsg € R
are learnable weights and blases. es € R% is the gated output
and d,, is dimensionality of the feature representations.

2.2.4. Feature encoding

Project past inputs x;_..._, to hidden continuous size (d,)

t0 get Xconti-rie—1 € R Weope € R and bgone € R%
are learnable weights and biases.

Xcontt-tit-1 = WeontXt—r:t-1 + Deont (8)

Embed future known inputs z;..,, to hidden continuous size

(dc) to QEt Zemb,t:t+h € Rthc- Wemb € Rch7 and bemb € Rdc
are learnable weights and biases.

Zemb,t:t+h = Wembzt:t+h + bemb (9)
2.2.5. Variable Selection Networks (VSN)
For each step t and input feature j (price, rainfall,

temperature), variable selection weights vg’) € R! are computed
using SoftMax over weighted generating GRN output.

P eRlis the j-th projected feature at time t.

cont t
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eXP(GRN) weight (e €5))
v = T exp(m]uvk,ieigm(xiigl,t,ﬂcs)) (10

sz,wxc({;)nt,t +

ejw = tanh| wjg W ELU[  Wj3,,cs + +bjgw
ij w
Wi, wxc({;)nc ¢t
(Wi wELU|  Wispes |+ bjaw) (11)
| thiow /.

GRNJ'.weight(xg)nc,cv cs) = LayerNorm(xg,)myt tejw) (12)

The selected features are gated using a tanh activation function
(ejw € RY), added with the same features, and then normalized.

Wizw € R, W3, € Rdhxdh, Wit Wigw € R, c; € R,
b € R%, and b i1ws bjgw € R are learnable weights, static

context, and blases

6D}
WJ2 SXcontt +

e;r = tanh \ng'fELU WissCs + ) o)
: b
j2.f
?ﬁf’jg,f

ijzrfxcént,t +
(Wj1rELU Wiz rCs + bj1z) (13)
GRN; feqture (xé{,)ntt, ) LayerNorm(xc({,zmt +ejs) (14)

de

X = z:j 1 (]) GRN; j.feature (xgzmt; Cg) (15)
x, is the Weighted combination of feature generated

t
by GRN GRN; reqrure (xé{))n”, ) yielding x;_,_, € R™%.
VV]'Z,f € Rd"XI, W'3f I= Rdhxdh’ Vle,fr Vng,f I= Rd th’
bj,; € R, and blf, bj,r € R% are learnable weights,
and biases. c; € R™and e;; € R% are the static context
and feature generated by GRN.

(6] - eXp(GRNj,weight(Zg,)ld,t' s))

k.
t =1 €XD(GRN weight (Z g Cs))

(16)

Wiz,wzgr)lb,t"'
ejw = tanh( w;g , ELU W3 wes + + bjgw
bjz,w

0D}
M/]'ZrWZe!mb,t-i-

(Vle,wELU VVjS,wCs

+bjow

GRNj,weignt(ng)lb,tv C) = LayerNorm(zéﬁb't +ejw) (18)
For each time step t and input feature j (day-of-week
indicators), weights ug’) € R! are computed using SoftMax over
weighted generating GRN output. zg,)m’te R! is the j-th
embedded feature at time t. Wj,,, € R, W, € RIw¥dn,
Wiiw, Wigw€ RY%, ¢ eR™,  b,, € R,
and bjyy,bjy, € R' are learnable weights, static context,

+bj1w) 17

and biases.
(0))
I/V.IZ fZemb,t +
ig fELU
€5 = tanh | Wia.f Wiz rcs + o)
bjz /
+bjg
0D}
M/jZ.fZemb,t +
WinrELU| Wjs e +bj1r) (19)
+bj 5
GRN; feqture (Zéi,)lb e C ) LayeT'NOT'm(Zemb cteir) (20)
dC
zp = Zj 1 (]) GRN; j,feature (Ze(!rr)Lb,t' Cs) (21)
M/jz.f € RdhX1’ W'3 f € Rdthhv Vl/jl.fr Vl/jg,f S Rdcxdhx
bj»y € R%, and bj s, b€ R are leamable weights,

and biases. c; € R™and e;; € R% are the static context
and feature generated by GRN. z; is the weighted combination
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of feature generated by GRN GRN; reqryre (zgzbt, ) yielding
Zteen € R,

2.2.6. Temporal processing with refinement

LSTM encoders encode a weighted combination
of past inputs x;_,.._,, and LSTM decoders decode a weighted
combination of future inputs z/.;, ..

ht—r:t—lr Ct-1= LSTMenc(xé—r:t—l) (22)

ht.ernr Creen = LSTMaec(Zepan he—1, Ce—1) (23)

h_rp—1 € R™9 are hidden states from tr LSTM encoders

and c¢,_, € R% is the cell state from the last LSTM encoder.

d, is dimensionality of the feature representations.

Wy, € R¥dnxde W, € R*4*dn and b, € R*4 are input

to hidden weights, hidden to hidden weights, and biases.

Reesn € R4 and ¢,y pyp, € R are hidden states and cell states

from h LSTM decoders. Wy, € R*4nxde W, € R*dnxdn

and b, € R*% are input to hidden weights, hidden to hidden

weights, and biases.

9t-vt-1 = tanh(Wyhy 1 + by) (24)

Ge:ern = tanh(Wyheyeyn + by) (25)

W, € R*>% and b, € R% are learnable weights and biases.

i—rit—1 € R and g,.,.., € R are modulated hidden states

from LSTM encoders and decoders. Align x;_,.,_; and z{.,n
to the transformed hidden states g, _;.._;and g¢..., dimension.

X Tit-1~ Wxt wt-1 T bp (26)

Zian=W, Zt t+n T Dy (27

W, € R%*% p, e R% and x;_,, , € R™% are learnable

weights, biases, and the past VSN output projection. Similarly,

W, € R, p, € R* and z,,,, € R are learnable
weights, biases, and future known VSN output projection.

ht—rie1 =%t 1*Ge—vit—1 O he—rie—1 (28)

hi g1 = LayerNorm(ht nit—1) (29)

Rteon = ZieantGeesn O Recsn (30)

hiiesn, = LayerNorm(hy,,p) (31)

hi_ree1 € R4 and hi,,, € R4 are the outputs after
residual updation, where © is the point-wise multiplication.
hi ;.c_1 € R4 and hy,,, € R™% are the normalized outputs,

y-u ;
where LayerNorm(y) is m@yﬂ?. u is mean, y and B

are the learnable parameters and e is the tiny real number.
h z.evn combines normalized past and future known output.
[h;’ T.t-1 t t+h] € R(T+h)><dh (32)

2.2.7. Static enrichment

Integrate crop-specific context into temporal features.
dpXd,

Wstatic,ll Wstatic,ZI Wstatic,3l Wstatic,g € R and bstatic,ll

€ R% are the learnable weights and biases,

t T:it+h —

bstatic,ZI bstatic,g
respectively.

n
Wstatic,zht—r:t+h \
+Wstatic,3 Cs |
+bstatic,2 /

+bstatic,g

Witaric dELU
€static = tanhl static.g

rn
Wstatic,z t—1:t+h

O\ Wetatic ELU|  +Wstatic3Cs + bstatic,1 (33)

+bstatic,z
h eon € REFMIXn s the static enrichment of the normalized
output A .iin.  estaric € RCFW*4 s the gated output
in the GRN Layer. W; € R%>4r and b, € R% are the learnable
parameters and biases, respectively.
tZze+n= GRNstaric (Mg 4n, Cs) =
—LayeTNorm(hE’_T:Hh + estatic) (34)

2.2.8. Temporal self-attention

The multi-head attention operates on b’ ..., € RE*Mxdn tg
capture long-range dependencies, producing a;_,.;., € REFMxdn
and normalized residual output a;_,.,,, € RC+m*dn,

Q—gesn = MultiHead(hi .¢1p) (35)
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MultiHead(héﬁ,:t+h) = Attention(WQi A
Wlé hél—,‘r:t+h' W!;hél—,r:t+h)wlo . (36)
Attention(Q,K,V) = softmax(%)V (37)

Ap—zevn = LayerNorm(he .o, +

EL([{(Waat—r:t+h + ba)) (38)
Wi, Wi, Wi € R™m, W, W, € R%*d and b, € R%
are the learnable weights. m is the number of heads responsible
for the independent attention mechanism. Query (Q) vectors
to search for relevant information, Key (K) vectors to measure
similarity with the query, and Value (V) vectors to provide
the actual content, which is weighted and combined to produce
the output.

2.2.9. Feed-forward transformation

It refines temporal representations with a residual connection
from the post-LSTM temporal features. Apply GRN on the norma-
lized residual output a;_,..,, to produce fi_ ..., € RETMXdn,
O¢_rtsn € RO captures  refined temporal features
and serves as the final quantile forecasting layer.

_ W2t _viesn
eff =tanh Wff'gELU b + bff,g

*brs
Weeqa, ..
2% —T:t+h
O WeeELU +b 39
< I < +bys, > ff’1> 39
ft—vten = GRNf£(A_ripin)=
LayerNorm(a;_q.ip + €7f) (40)
Ot—peqn, = LayerNorm(hy_p.epn +
ELUWo ft—r.t+n + bo)) (41)

WrrWrrao Wypg € R and bypy, bypa, bypg € R
are the learnable weights and biases, respectively. The residual
connection from h;_ ..., skips static enrichment and attention
layers, VSN-influenced temporal features (post-LSTM)
to preserve raw temporal patterns (e.g., weekly price) before
prediction.

2.2.10. Quantile forecasting

It predicts multiple percentiles (e.g., 10", 50, 90™) of future
crop prices to quantify uncertainty.
Veern(@) = WaOppin + by (42)
O.pen € R™%and $,.,.,(q) € R* are output representations
correspond to future time steps and weekly price forecasts
per crop and quantile, respectively. W, € R**% and b, € R*
are the learnable weights and biases.

2.2.11. Training and evaluation

Quantile loss Lq(y,y) captures prediction errors across
uncertainty levels and is calculated and averaged over crops,
time steps, and quantiles.

Ly, 9) =max(q(y —9),(q— D —9)) (43)

The TFT employs the Adam optimizer with a specified initial
learning rate, batch size, number of epochs, and dropout regula-
rization. It is evaluated using R?., RMSE, MAE, and MAPE
metrics. Performance is assessed on a test set for (m = 22) crops,
comparing TFT forecasts to a seasonal ARIMA model.

2.2.12. TFT Interpretability

One of the advantages of TFT is its interpretability.
The attention mechanisms and VSN permit the model to learn
how to dynamically measure the relative importance of input
features over time. The historical price behaviour was determined
to play a dominant role in short-term predictions, while variability
in aggregate variables such as temperature and rainfall played
a stronger role during the seasonal transitions. This interpretability
gives insight into the reasons of the price variations, which
contributes to increase of transparency and trust in the model
for practical decisions.
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3. Results and discussion

3.1. Experimental setup

The TFT was deployed on a high-end system with an Intel
Xeon CPU@2.00GHz, 32 GB DDR5 RAM, NVIDIA P100 GPU
with 16GB memory, and Debian OS, to perform efficient
computation. The 7.5 years of data for the 22 crops and vegetables
were partitioned initially as 80% training and 20% testing sets,
and subsequently another 60% training and 40% test split to check
model performance one more time with chronological consistency
while avoiding temporal leakage. Hyper parameter tuning with
grid search was performed to refine important parameters,
such as the learning rate at 0.001, batch size of 64, 50 epochs,
hidden size of 32, attention head size of 4, dropout rate of 0.2,
and hidden continuous size of 8. The systematic approach
increases forecasting precision to make accurate price predictions
and inform data-driven decisions in agricultural commodity
markets.

3.2. Dataset preparation

A well-developed dataset of 7.5 yrs, ranging from January
2017 to July 2024 and covering 22 agricultural commodities like
grains & vegetables from Krishna district in Andhra Pradesh,
India was gathered to develop the crop/vegetable price forecasting
model. Historical daily market price information was collected
from the Patamata Rythu Bazar, in Vijayawada which is a primary
agricultural local market. Meteorological data were collected
from public and official safe sources to guarantee their solidity
and consistency. Daily temperature data was recorded from
Time and Date historical weather for Vijayawada from
timeanddate.com and day wise rainfall measurements were
obtained from the Andhra Pradesh Water Resources Information
and Management System (APWRIMS) for the published
monthly/annual rainfall statistics by India Meteorological
Department (IMD).

Data were processed to ensure quality and reproducibility
before modelling. Missing data were filled with interpolation,
outliers were dropped out, numerical features are min-max
normalized, categorical variables were one hot encoded and daily
measures aggregated in weekly summaries. This preprocessing
workflow guaranteed a uniform and well-organized dataset, which
strengthens the robustness of the predictive model.

3.3. Results and analysis

The RMSE is calculated as the square root of mean squared
differences between predictions and observations in terms of unit
error. MAE is the average of the absolute errors between predicted
and actual values, i.e., it represents the typical magnitude
of a prediction error. MAPE calculates the mean of relative
forecasting error in percentage, which is applicable to compare
the relative accuracy of forecast estimates across data sets.
RMSE, MAE are absolute errors, whereas MAPE takes into
account the relative error. The R? measures the proportion
of the variability in the dependent variable that is predictable
from the independent variables, where a high value indicates
a better fit. The result for the model based on two training/test
splits of 80%-20% and 60%-40% is summarized in Table 1.
For 80%-20% division the R? value is 0.85 which shows the good
fit while RSME and MAPE, MAE are 99.13, 2.16% and 72.08
respectively. R? decreased to 0.79 and RMSE and MAE increased
to 121.5 and 95.26 respectively as well as MAPE at a value
of 2.5%, revealing a small decrease of predictive accuracy
on the 60%-40% split. The 80%-20% division gave lower errors
and a better model fit.
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Table 1. Performance of TFT on [60%, 40%] and [80%, 20%] dataset splits for crop
price prediction

. [Training — 60%, [Training — 80%,
FELIETER [ Testing — 40%] Testing — 20%]
R? 0.79 0.85
RMSE 121.5 99.13
MAPE 2.5% 2.16%
MAE 95.26 72.08

Figure 3 presents the real and forecasted prices of four crops-
Groundnut, Bitter gourd, Cucumber, and Paddy-during 12 weeks.
In the case of groundnuts, the forecasted prices are generally
greater than the real prices. For instance, in Week 4, the real price
was Rs. 5,972, while the forecasted price was Rs. 5,846.
In the case of Bittergourd, the forecasts are near the actual prices
in the initial weeks but are slightly higher in the later weeks.
In Week 10, the actual price was Rs. 2,568, while the forecast
price was Rs. 2,643. For Cucumber, the forecast prices are slightly
less than in most weeks. In Week 11, for example, the actual price
was Rs. 3,184, but the forecast price was Rs. 3,148. In the case
of Paddy, the real prices rose from Rs. 3,247 during Week 1
to Rs. 3,794 during Week 12, while the forecasted prices were
less than the actual values, reaching Rs. 3,520 during Week 12.
The forecasts generally capture the trend, though there
are differences, particularly for Groundnut and Paddy.

The observed and predicted prices of Groundnut, Bitter gourd,
Cucumber, and Paddy for 12 weeks are shown in Figure 4.
For Groundnut, the predicted prices are higher than the observed
ones. For example, the actual price is Rs. 5,872, and the predicted
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price is Rs. 5,932 in week 4. In the case of Bittergourd, predictions
are close to the actual prices in the early weeks but slightly higher
beyond that time. For example, the true price is Rs. 2,568
and the forecasted price is Rs. 2,599 in week 10. For Cucumber,
actual prices are in general higher than predicted ones,
and the difference can be observed from Week 4, where the actual
price is Rs. 3,223, but its prediction is slightly lower at Rs. 3,274.
True prices for Paddy are Rs. 3,247 in Week 1 and increased
to Rs. 3,794 in Week 12, with most predicted higher values.
For example, the prediction is Rs. 3,751 compared to the true
of Rs. 3,794 for week 12. Overall, the predicted ones are well
in line with the prices observed. However, sometimes there
is a certain deviation in some weeks.

Table 2 is a weekly comparison of crop prices between actual
market prices, forecasted prices, and the MSP to identify
the potentially more favourable selling option for farmers.
For Paddy, the forecasted price always surpasses the actual price
and the MSP, with the preferred option being in the local market.
Conversely, the projected price of Groundnut is below the MSP
for all but one week, which indicates that it would be more
profitable to sell to the government. The forecasted prices for both
crops follow the projected prices very closely, with the projected
values being marginally higher, reflecting an optimistic bias
in price forecasting. The analysis indicates alignment with
the proposed decision strategy, such that Paddy is better suited
for sale in local markets. At the same time, Groundnut is more
suitable for government procurement.
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Table 2. Best-selling location based on predicted price and MSP
Actual Predicted :
Week B ; MSP Best Selling -
Crop Price Price . Decision
No. (Rs) (Rs) (Rs) Location
Local
1 Paddy 3247 3428 2183 Market v
1 Groundnut 5969 6172 6377 | Government v
Local
2 Paddy 3261 3459 2183 Market v
2 Groundnut 5970 6160 6377 Government v
Local
3 Paddy 3289 3463 2183 Market v
3 Groundnut 5971 6098 6377 Government v
Local
4 Paddy 3289 3468 2183 Market v
4 Groundnut 5972 5846 6377 Government N

Table 3 compares crop price prediction models and the TFT's
performance with 15 other existing methods across different
datasets. Cheung et al. utilized 3D-CNN for the crop price
prediction collected from the Investing.com dataset and obtained
MAPE of 0.083, RMSE of 40.39, and MAE of 32.31 [3].
Xu et al. implemented NARNN and NARNN-X on the FAO
dataset and obtained RRMSE values of 1.701% and 1.695%,
respectively, for soybeans, and 1.777% and 1.775%, respectively,
for soybean oil [23]. Soni et al. implemented Decision Tree
Regressor and Random Forest on crop price data gathered
from the government website data.gov.in, where Decision Tree
Regressor obtained an accuracy of 92%, and Random Forest
obtained an accuracy of 88% [19]. Kurumatani tested the TATP-
LSTM on the Japanese Government Agricultural Price Movement
dataset and obtained an RMSPE of 0.3464 and MAPE of 0.2645
[13]. Purohit et al. tested Multiplicative-ARIMA-SVM on fore-
casting agricultural product prices and obtained 0.83 and 0.98
correlation values for tomatoes and onions, respectively [17].
Harshith et al. used Stack-LSTM in the Indian Agriculture Market
Information Network dataset achieving 3115.10 RMSE, 12.25%
MAPE and 0.51 MDA [10]. Mahto et al. applied ARIMA
to agricultural commodity prices collected from the data.gov.in
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and obtained 2.30% MAPE and 3.44% RMSPE [12]. Subhasree
et al. used GANN on Tirupur New Bus Stand Ulavar Market data
for vegetable price forecasting with an accuracy of 89% [21].
Nassar et al. implemented ATT-CNN-LSTM for Strawberry yield
and farm pricing prediction using data accumulated from
the California Strawberry Commission website, for which AGM-
W2P was 23.53, W2Y was 0.03, and R? was 0.83 [16]. Yun et al.
used grain price data from Investing.com and Kaggle and achieved
future price prediction with an RMSE of 5.61, an MAE of 3.63,
an MAPE of 0.55, and an R? of 0.9984 using Bi-DSConvLSTM-
Attention [27]. Li et al. applied TPCDR on Vegetable Market Data
in China, and the accuracy results turned out to be 88.6% (Natural
Environment), 99.82% (Supply), 91.69% (Demand), and 93.56%
(Economic Policy) [14]. Elbasi et al. used Bayesian Belief
Network, Naive Bayes, and Hoeffding Tree on the Kaggle crop
recommendation dataset with accuracies of 99.59%, 99.46%,
and 99.46%, respectively [6]. Yang et al. used FusFormer
on the Mooney Viscosity Prediction Dataset, and the outcome
was an RMSE of 3.37 and RRSE of 0.321 [25]. Avinash et al.
used HM-GRU and HM-BiGRU on Agmarknet data, whose
RMSE, MAE, and MAPE varied by week, i.e., week 1 with
RMSE of 79.69, MAE of 61.72, and MAPE of 4.30% [1].
Guo et al. used AttLSTM-ARIMA-BP in China’s agricultural
big data website with MAPE of 0.0043, MAE of 1.51and RMSE
of 1.642 [9]. Lastly, our study employed TFT on APSPDS,
Rythu Baazar, and Vijayawada data with an RMSE of 99.13,
MAPE of 2.16%, MAE of 72.08, and accuracy of 93.24%.
Harshith et al. applied Stack-LSTM in the Indian Agriculture
Market Information Network dataset with 3115.10 RMSE,
12.25% MAPE, and 0.51 MDA [10]. Mahto et al. applied ARIMA
to agricultural commodity prices collected from the data.gov.in
and obtained 2.30% MAPE and 3.44% RMSPE [12]. Subhasree
et al. used GANN on Tirupur New Bus Stand Ulavar Market data
for vegetable price forecasting with an accuracy of 89% [21]. Guo
et al. employed AttLSTM-ARIMA-BP on China's agricultural
big data website, with MAPE of 0.0043, MAE of 1.51, and RMSE
of 1.642 [9].

Table 3. Performance comparison between TFT and existing implementations for crop price forecasting

Literature Model/ Algorithm Dataset Performance
Cheung et al. [3] 3D-CNN Data collected from Investing.com MAPE: 0.083, RMSE: 40.39, MAE: 32.31
Soybeans
1 i 1 . — 0, X _ 0,
Xuetal. [23] NARNN, NARNN-X Food and Agriculture Organization NARNN: R_RMSE 1.701%, NARNN-X: RRMSE — 1.675%
(FAO) Soybean Oil

NARNN: RRMSE — 1.777%, NARNN-X: RRMSE — 1.775%

Decision Tree Regressor,

Soni etal. [19] Random Forest

India Government Website data.gov.in

Decision Tree Regressor: Accuracy — 92%
Random Forest: Accuracy — 88%

Kurumatani [13] TATP - LSTM

Japanese Government Agricultural Price
Movement Dataset

RMSPE — 0.3464, MAPE — 0.2645

Purohit et al. [17] Multiplicative-ARIMA-SVM

National Horticulture Board, India

ARIMA-SVM: correlation: 0.83 (tomatoes), correlation: 0.98
(onions)

Harshith et al.

Indian Agriculture Market Information

RMSE: 3115.10, MAPE: 12.25%, MDA: 0.51

[10] STACK-LSTM Network
Mahto et al. [12] ARIMA India Government Website data.gov.in MAPE: 2.30%, RMSPE: 3.44%
Subhasree et al. Genetic Algorithm Neural : Accuracy: 89%

[21] Network (GANN) Tirupur New Bus Stand Ulavar Market

Nassar et al. [16] ATT-CNN-LSTM

California Irrigation Management
Information System

AGM-W2P: 23,53, W2Y: 0.03, R": 0.83

Yun et al. [27] Bi-DSConvLSTM-Attention

Kaggle

Data collected from Investing.com and

RMSE: 5.61, MAE: 3.63, MAPE: 0.55, R": 0.9984

Lietal. [14] TPCDR

China’s Vegetable Market Data

Accuracy: 88.6% (Natural Environment), 99.82% (Supply), 91.69%
(Demand), 93.56% (Economic Policy)

Bayesian Belief Network,
Naive Bayes and Hoeffding
Tree

Elbasi et al. [6]

Global Crop Market Data

Bayesian Belief Network: Accuracy — 99.59%,
Naive Bayes and Hoeffding Tree: Accuracy — 99.46%

Yanget al. [25] FusFormer

Mooney Viscosity Prediction Dataset

RMSE: 3.37, MAPE: 0.321

Avinash et al. [1] HMM-GRU, HMM-BiGRU Agmarknet

HM-GRU: Week 1: RMSE — 79.69, MAE — 61.72, MAPE — 4.30%,
Week 4: RMSE — 113.86, MAE — 91.29, MAPE — 6.49%, Week 8:
RMSE - 157.07, MAE — 123.60, MAPE — 9.10%,

HM-BiGRU: Week 12: RMSE — 182.19, MAE — 151.52, MAPE —
11.18% (Long-term prediction)

Guo et al. [9] AULSTM-ARIMA-BP

China’s agricultural big data website

MAPE: 0.0043, MAE: 1.51, RMSE: 1.642

Our Work TFT

Vijayawada

APSPDS, Local Rythu Baazar,

RMSE: 99.13, MAPE: 2.16%, MAE: 72.08, R*: 0.85, Accuracy:
93.24%
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3.4. Prototype implementation

A website has been carefully crafted with a high emphasis
on functionality and user experience to generate real-time
crop price forecasts to facilitate accessibility and ease of use
for farmers, traders, and policymakers. Figure 5 provides
a homepage overview highlighting market prices that can
be expected to facilitate decision-making. The site also features
an MSP comparison tool so that users can assess whether
marketing to local markets or government buyers would yield
the greatest profit.

Vegetable and Crop Price Forecasting

Select a vegetable or crop from the images below to see its predicted prices, a comparison chart,

and recommendations for the best place to sell (for crops only

£ AL W

!

\/
Banana Bittergourd Bottlegourd
Cucumber Drumstick Elephantyam Greenchilli

B & 7 o
@

Predicted Prices for Groundnut: Price Comparison

(Predicted vs Actual)

Price Comparison for Groundnut

7469

1 6172 6377 Government
2 6160 6377 Government
3 6098 6377 Government
4 5846 6377 Government

5819 6377 Government

@

(b)

Fig. 5. Vegetable and crops prediction application; (a) homepage, (b) price
comparison and selling locations

4. Conclusion

The variations in the market prices of agri-horticultural
commaodities have remained a challenge to the farmers of Krishna
District, Andhra Pradesh and often lower their profit as well
decision. A TFT model for forecasting the prices of 22 vegetables
was developed using historical local Rythu Bazaar market price
data along with meteorological parameters, viz., rainfall
and temperature in this study. The developed model performed
well with the accuracy of 93.24%, R? of 0.85, RMSE of 99.13,
MAPE of 2.16%, and MAE of 72.08, which is very competitive
relative to the existing studies in terms of accuracy and reliability.
An important feature of the system is the MSP comparison
with local market rates so that farmers can choose to sell their
produce in nearby markets or to government procurement agencies
if it results into better return. In addition to the correct price
prediction, the model is helping farmers with better crop activities
positioned so that it minimizes risk in fluctuating markets.
Considering its scalability, the system can easily be ported
to other regions and expanded to incorporate new crops
or influencing factors and thus provides an extensible approach
for price prediction in agriculture.
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