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Abstract—Forecasting food loss with high accuracy is crucial
for improving global food security, optimising supply chains, and
supporting sustainability goals. However, conventional time series
models and standard deep learning techniques, including
recurrent neural networks (RNNs), often fall short in handling the
irregularity, seasonality, and complexity inherent in food loss
data. While Gated Recurrent Units (GRUs) offer advantages over
traditional RNNs, such as mitigating vanishing gradients, they still
face limitations in modelling long-range dependencies and noisy
sequences. This paper reviews recent advancements aimed at
overcoming these challenges by enhancing GRU-based models
with attention mechanisms and seasonal-trend decomposition
using Loess (STL). Evidence from related domains shows that
attention mechanisms improve the capture of long-term
dependencies and interpretability, while STL decomposition
strengthens stability and accuracy by isolating seasonal and trend
components. Hybrid GRU models that combine both approaches
consistently outperform standalone methods, highlighting their
promise for robust and interpretable forecasting. Though
underexplored in the context of food loss, this paper identifies the
research gap and advocates for domain-specific GRU-attention—
STL architectures, offering a foundation for future empirical
work to enable timely interventions and foster resilient, data-
driven food systems.
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I.  INTRODUCTION

This study tackles the pressing challenge of enhancing
GRU-based forecasting for food loss prediction, a task that
demands accurate modelling of complex, irregular, and
temporally dependent data. Food loss, defined as the
measurable reduction in food quantity or quality throughoutthe
supply chain, is not only an economic inefficiency but also a
social and environmental concern. Globally, approximately
one-third of all food produced—about 1.3 billion tonnes—is
lost or wasted every year, representing an estimated USD 1
trillion in direct economic losses and contributing nearly 8—
10% of total greenhouse gas emissions [1]. Moreover, about
14% of food is lost between harvest and retail, 32% on food
service and more, intensifyingthe strainon global food systems
[2]. These staggering figures highlight the urgency of
developing robust forecasting models that can enable timely
interventions to minimise loss, improve efficiency, and
promote sustainability.

*Corresponding authors

Traditional statistical and deep learning methods have been
applied to time series forecasting in various domains, yet they
often struggle with the irregularity, seasonality, and noise
inherent in food loss data. The shortcomings highlight the need
for innovative architectures capable of capturing both fine-
grained temporal dynamics and broad structural patterns within
food loss datasets, as food loss poses serious implications for
food security, economic sustainability [3], and environmental
health, necessitating precise, interpretable forecasting models
to guide data-driven interventions.

Recent advances in attention mechanisms and
decomposition techniques offer promising solutions. Attention
mechanisms, such as self-attention, temporal attention, and
multi-head attention, dynamically prioritise informative time
steps and enhance the interpretability of deep learning models
by revealing which pattemns contribute most to predictions. At
the same time, Seasonal and Trend decomposition using Loess
(STL) has proven effective in isolating trend and seasonal
components from noisy signals, improving data quality and
learning efficiency. However, although advances in deep
learning[19],especially RNN-GRU and attention mechanisims,
have shown strong potential in time series analysis across
various domains [4], the integration of both seasonal-trend
decomposition using Loess (STL) and attention in GRU
architectures (GRU-attention-STL) for food loss forecasting
remain underexplored.

The rationale for this new initiative is therefore twofold:
first, to synthesiseexistingadvancements in attention-enhanced
GRUs and STL-based decomposition to demonstrate their
relevance to food loss forecasting; and second, to advocate for
the development of hybrid GRU—-attention—STL architectures
tailoredto the unique challenges of food loss data. Such models
are expected to not only boost forecasting accuracy and
robustness but also provide interpretable insights into the
underlying seasonal and temporal pattemns, thereby supporting
data-driven decisions in agriculture and supply chain
management.

This paper is organised to provide a comprehensive review
of recentadvancements in GRU-based time series forecasting,
with a specific focus on applications relevant to food loss
prediction. Section IL. A introduces the foundational concepts of
GRU models and theirrole in time series modelling, outlining
their structure, strengths, and limitations, particularly in
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capturing long-term dependencies and handling complex
sequential data. Section ILB explores how attention
mechanisms, such as Self-Attention, Bahdanau, Multi-head,
Cross-Attention, Dual-Attention, Temporal-Attention and
more, have been integrated with GRUs to dynamically
prioritise relevant time steps and improve forecasting accuracy
in various domains. Section II.C reviews the use of seasonal-
trend decomposition using Loess (STL) to preprocess time
series data, enabling GRUs to better learn from trend and
seasonal patterns by reducing noise and structural complexity.
Section Il presents the methodological review framework,
summarising and comparing existing studies in structured
tables based on their use of attention mechanisms and seasonal-
trend decomposition using Loess (STL) decomposition, while
identifying design patterns, model architectures, and
performance outcomes. Section IV discusses the observed
relationships across these studies, highlighting how attention
mechanisms enhance temporal adaptability and how seasonal-
trend decomposition using Loess (STL) supports signal clarity,
as well as the synergistic benefits of combining both
techniques. Section V outlines key research gaps, emphasising
the absence of GRU-attention-STL hybrids in food loss
forecasting and posing future research questions around fusion
strategies, generalisability, and dataset availability. Finally,
Section VI concludes by reaffirming the value of these
enhancements for developing more accurate, interpretable, and
robust GRU-based forecasting models and encourages future
empirical exploration within the food supply chain domain.

II. LITERATURE REVIEW

This section provides an overview of the existing literature
related to GRU-based time series forecasting, with a focus on
techniques that enhance model performance through attention
mechanisms and time series decomposition. These methods
have been widely studied and applied across various domains.
Their combined application remains underexplored in the
context of food loss forecasting. By reviewing key
advancements and their outcomes, this literaturereview aims to
highlight the strengths, limitations and potential of these
techniques as foundational components for future food loss
prediction models.

A. Gated Recurrent Unit in Time Series Forecasting

The GRU [5] is a type of recurrent neural network (RNN)
designed for processing sequential data such as time series [6].
While RNNs, Long Short-Term Memory (LSTM) networks [7],
and GRUs all model sequential data, they differ in complexity
and performance. Standard RNNs often suffer from the
vanishing gradient problem, limiting their ability to capture
long-term dependencies [8]. LSTMs address this limitation
with memory cells and gated mechanisms: input, forget, and
output gates that help manage information flow [9]. GRUs,
introduced as a simpler alternative to LSTMs, use gating
mechanisms as well but with a more compact structure, offering
efficient retention of relevant temporal information.

GRUs use only two gates: the update gate, which controls
how much past information is retained, and the reset gate,
which determines how much pastinformation is forgotten. This
streamlined structure enables GRUs to selectively preserve
relevant data and discard noise, leading to more efficient
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learning of sequence patterns. The operations withina GRU cell
are defined by equations in (1):

zp =0 W, [he_q, xe]+ by)

=0 (W [heey, x] + by)

he = tanh(Wy [1, © he_y, %] + bp)

hy =Zt°]?tf +(1—-2z)ohiy (D

where z; and r, are the update and reset gate vectors
respectively at time step ¢ . W’s are the learnable weight
matrices and the b’sare the biases. x;is the input vector and the
h’s are the state vectors. [-,-] denotes the
concatenation of two vectors into a longer
vector. ~h:is the candidate output activation while h;is the
updated hidden state or can be said as the final hidden state. °
denotes element-wise multiplication. For time ¢#= 0, the hidden
state variable is set to ho = 0. The update-gate u and reset-gate
r, control the flow of information from one time step to another,
and thus they are able to capture long-term dependency.

GRUs often match the performance of LSTMs while using
fewer parametersand requiringless trainingtime. Theirbalance
of'simplicity and effectiveness makes them well-suited for time
series forecasting, particularly when short- to medium-term
dependencies are key. Fig. 1 illustrates the internal cell
structures of RNN, LSTM, and GRU [6].

(a) RNN cell (b) LSTM cell
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Fig. 1. Intemalstructure of (a) RNN cell; (b) LSTM cell; (c) GRU cell [6].

GRUs are widely used in time series forecasting for their
ability to capture temporal dependencies. They are particularly
effective in domains where patterns evolve gradually and
depend on past values, such as weather prediction, energy
demand, stock markets, and, increasingly, agriculture and food
systems.

Fig. 2 shows the unfolded GRU through time [ 10].x; ¥ isthe
input vector at time step vectorat time step ¢. It represents the
features or databeing fed into the GRU at each time step. /i),
hi®, it hi(2) and, hit is the hidden state from the previous
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time step. Each hidden state captures information from the
current input and the previous hidden state. Each box labeled
"GRU" processes input x and the previous hidden state / to
produce the current hidden state 4.

(t) (t+1)
h; h;
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Fig.2. GRU unfolded through time [10].

GRUs have been applied across various agriculture and
food-related forecasting tasks, including crop yield prediction
based on environmental data[11],soilmoisture estimation [12],
food demand forecasting in supply chain [13], spoilage
prediction [14], seed traitanalysis for protein, oil, and sucrose
content [15], and price forecasting of agricultural products [14,
15]. Their ability to handle noisy, nonlinear, and seasonally
influenced datasets makes GRUs a valuable tool in agricultural
time series modelling.

With fewer parameters and faster training compared to
LSTMs, GRUs maintain competitive accuracy [16, 17],
particularly for capturing short- to medium-term dependencies,
making them suitable for predicting food supply fluctuations
and short-term losses. However, GRUs can struggle with highly
irregular or seasonal data that require learning long-range
dependencies [20]. To address this, recent studies have
explored integrating attention mechanisms and time series
decomposition to enhance GRU forecasting performance [21].

B. Enhancing GRU with Attention Mechanism

Attention mechanisms significantly enhance sequence
learning by allowing models to dynamically focus on the most
relevant parts of input sequences. Unlike standard recurrent
models that rely on fixed-length context vectors, attention
assigns varying weights to different time steps, improving
performance on long and complex sequences.

1) Standard attention mechanism: The study [22]
introduces a GRU-attention hybrid model for enhancing elastic
scaling in container clouds. This model significantly improves
prediction accuracy and resource management efficiency in
container cloud environments. It effectively handles dynamic
loads andreducesoperating costs, although further optimisation
is needed to control resource oversupply. Fig. 3 shows the
prediction curve. Notice that GRU-attention appeared to be
more accurate and less error than the GRU-only model.
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Fig.3. Comparison of prediction accuracy [22].

To enhance multi-step solarradiation forecasting, Kong et
al. [23] used the Kalman Filter [24] for data denoising, and
improved input quality. They proposed a hybrid model
combining Empirical Mode Decomposition (EMD), GRU, and
standard attention mechanisms. Seasonal analysis showed this
integration improved accuracy and reduced computational
complexity. The structure of the attention-optimised GRU is
shown in Fig. 4.

Input features GRU unit Hidden state
Attention layer output Madel output
v
—'; Output layer
S, Attention layer
/ \
==
a, a a

Input layer
1

Fig. 4. Architecture diagram of an attention-optimised GRU [23].

2) Cross-attention and multi-scale attention: Cross-
attention mechanisms vary in architecture, purpose, and
integration. While  [23] used standard cross-attention,
Farahmand et al. (2025) demonstrate that cross-attention and
multi-scale attention in the AttenGluco framework enhance
blood glucose forecasting by effectively capturing long-term
dependencies, leading to improved prediction accuracy [25].
Zhu et al. [26] also introduced MCI-GRU, a stock prediction
model combining multi-head cross-attention with a modified
GRU that replaces the reset gate with an attention mechanism
to better capture temporal and cross-sectional features.

3) Self-attention and cross-attention: The general formula
for the attention is presented in (2):

. okT
Attention(Q,K,V) = softmax (—) V (2)
Jax

where O, K, V are the concatenation of query, key and value
vectors, and dx is the dimension of the keys, used for scaling.
The softmax makes the scores into probabilities that weight the
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values V. In self-attention, the query, key and value all come
from the same input sequence (3):

Q=XW?Q K=XWK V=XWV 3)

where, X is the input sequence. Self-attention is used to let
each position in the input sequence attend to other positions in
the same sequence. Cross-attention is similar to self-attention.
Self-attention focuses on relationships within a single input
sequence, while cross-attention focuses on relationships
between two different input sequences (4):

Q=XiW? K=XWK V=XWV (@)

where, X1 is the input where we want to generate attention
for example decoder input, while X2 is the input to attend to,
the encoder output. In short, the inputs for self-attention are all
the same Q = K = V while cross-attention is from different
sequences, Q # K and V. Q comes from the decoder's output
and K and V come from the encoder's output. The purpose of
self-attention is to learn internal dependencies in a sequence.
The cross-attention is to learn how one sequence attends to
another.

In 2022, ShangzhuJin et al. [27] enhanced deep knowledge
tracing using a GRU network with self-attention, improving
sensitivity to long sequences and prediction accuracy by
leveraging historical knowledge states. The attention
mechanism strengthened the influence of historical knowledge
on future performance, leading to higher AUC and precision
scores on the ASSISTments datasets compared to benchmark
models. This demonstrated significant improvement in
knowledge tracing tasks and better prediction performance. In
the following year, Xikun Wei et al. [28] applied the
Transformer’s self-attention to improve runoff predictionin the
Yangtze River basin. By integrating self-attention into LSTM
and GRU models (LSTM-SA and GRU-SA), they achieved
notable accuracy gains, especially under limited training data,
by focusing on critical information.

The ProbSparse self-attention mechanism, a variant of
traditional self-attention, was introduced to improve efficiency
in long-sequence time series forecasting. Study [29] integrates
it with LSTM to enhance prediction capacity for such tasks.
Given the similarity between LSTM and GRU, integrating
ProbSparse self-attention into GRU also holds potential.

Similarly, [30] showed that integrating multi-head self-
attention into a GRU framework enhances the modelling of
global dependencies and complex temporal patterns. Their
FSR-MSAGRU model, applied to PM2.5 forecasting,
improved accuracy and generalisation across datasets,
reinforcing the value of attention in time-series prediction.

Demertziset al. [31] showed that integrating GRUs with a
cross-modal dynamic attention mechanism improves anomaly
detection in time-series data. GRUs enhance prediction
accuracy by capturing temporal dependencies and enabling
adaptive focus on relevant features, particularly in smart
communication environments.

4) Temporal attention and other attentions: Sehovac and
Grolinger [32] demonstrated that temporal attention has
improved time-series forecasting when combined with GRUs.
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Their work on electrical load prediction showed that
incorporating Bahdanau attention into Seq2Seq RNNs
enhances the capture of time dependencies, leading to higher
accuracy than traditional models. Similarly, [33] integrated
temporal and spatial attention into a GRU-based architecture,
significantly boosting forecasting and fault diagnosis for
electro-mechanical actuators. Their model, combining
seasonal-trend decomposition using Loess (STL), hybrid
spatial-temporal attention GRU, and DTW-based similarity,
achieved accurate multistep predictions and robust fault
detection, outperforming standard GRU and LSTM models.
Fig. 5 illustrates the model’s structure.
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Fig.5. Structure flowchart of HSTA-GRU model [33].

The authors in [34] investigated integrating GRUs with
various attention mechanisms, including Multiplicative, Scaled
Dot-Product, Bahdanau, Luong, and Self-Attention, to improve
phishing URL detection. After comparing performance across
these mechanisms, the study selected top-performing models
and benchmarked them against GRU without attention and
other baselines. As shown in Fig. 6, attention-enhanced models
achieved higher accuracy and overall better performance,
indicating that attention helps GRUs focus on relevant input
features for more accurate threat detection.

9 —+=GRU with bahdar

GRU w

3 — 2 ——Long short-term memory (LSTM)

! —Fe vard neural network (FNN)

ACCURACY  PRECISION RECALL F1-SCORE FPR™ FNR

Fig. 6. Comparison of performances with various attentions and models.
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The author in [35] introduces a GRU-based encoder-
decoder model with a temporal attention mechanism for
predicting ship speed over multiple horizons. The temporal
attention mechanism and encoder-decoder structure enhance
the model's ability to handle multi-horizon predictions and
consider exogenous factors. By incorporating exogenous
factors and focusing on influential time steps, the model
achieves better prediction accuracy. Fig. 7 proves that by
addingan attentionmechanismto GRU, the average RMSE and
average MAE prediction errors are reduced.

048

— Our model —— Out mode]
Attention-GRU 046 Attention-GR1
GR1 PN GRU

0.50 —e—  ARIMA —— ARIMA

042

040

RMSE
MAF

038

0 2 4 6 8 0

3 4 ¢
I'he oumber of expennments

The member of the experiments

Fig. 7. The RMSE and MAE of different models of the ten experiments
[35].

In [36], an interpretable condition monitoring method for
offshore wind turbine gearboxes is proposed using a Spatial-
Temporal Attention and GRU-based Network (STAGN). The
model integrates spatial-temporal attention with GRU to
effectively extract features from SCADA data. Fig. 8 shows the
structure of the spatial attention module. Each input variable’s
spatial attention weight is calculated by (5) and (6) is used to
calculate the normalised spatial attention weight j(t) for the j-
th input variable at time t.

Sigmoid Softmax :/ A

Linear

Fig. 8. Structure of spatial attention module [36].

e® = o(Wex® + by,) (5)
_ exp(e-(t))
a],(t) =5m ]ei(t) (6)

Accordingto [36], the temporal attention module enhances
key temporal feature representation and mitigates early-stage
information loss, while the spatial attention module captures
spatial correlations. Together, they improve early fault
detection and normal behaviour modelling (NBM), as validated
on the Donghai Bridge offshore wind farm. Besides, Cui et al.
[37] showed that integrating hierarchical contextual attention
into GRU networks improves forecasting in sequential
recommendation tasks by effectively capturing both long- and
short-term  dependencies. ~Their HCA-GRU  model
outperformed traditional RNN-based approaches in accuracy
and ranking performance on real-world datasets.

5) Trend-aware attention: Trend-aware attention [38] is
designedto highlight long-term upward or downward patterns
in time-series data, unlike standard attention, which treats all
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inputs equally. Chen et al. [38] introduced the TAA-
Transformer, which incorporates this mechanism to improve
lithium-ion battery capacity prediction by capturing both local
and global features. Compared to GRU, which lacks trend-
aware attention, the TAA-Transformer achieved superior
predictive accuracy. Although focused on Transformers, the
study suggests that integrating trend-aware attention into GRU
is feasible and could enhance performance in similar
forecasting tasks.

Trend-aware multi-head flow attention has also been
applied to forecasting tasks. Yang et al. [39] proposed
JGFACN, a model combining a dynamic Jacobi graph with
trend-aware flow attention for traffic prediction. Compared to
methods including LSTM [18], JGFACN showed superior
performance by dynamically adapting to temporal features.
While the study did not integrate attention into GRU, its
effectiveness suggests potential gains if applied to GRU-based
time-series forecasting models.

6) Dual-attention: Tan et al. [40] also introduced DATA-
GRU, a Dual-Attention Time-Aware GRU model, to address
irregular intervals and missing values in EHR time-series data.
Incorporating unreliability-aware and symptom-aware
attention, the model effectively predicts patient mortality risk
with improved accuracy and interpretability over state-of-the-
art methods. Fig. 9 illustrates the DATA-GRU architecture and
attention integration.
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Fig.9. Architecture of DATA-GRU is shown in (a) and dual attention
mechanism in (b) [40].
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The study in [41] proposed a dual-stage attention-based
RNN (DA-RNN) using input attention to focus on relevant
driving series and temporal attention to capture long-term
dependencies, improving time-series forecasting accuracy on
datasets like SML 2010 and NASDAQ 100. While based on
LSTM, the dual-stage attention mechanism could similarly
benefit GRU models. In 2023, [42] introduced PDAGRU, a
Parallel GRU model with multiplicative and temporal attention
layers, for probabilistic RUL prediction of wind turbine
bearings. As shown in Fig. 10, this approach significantly
enhances accuracy and reliability by better extracting
degradation features from time-series data.
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Fig. 10. The RUL prediction performance metrics with different methods
[42].

In [43],the Hierarchical Attention Cascade Neural Network
(CasHAN) is proposed to predict future cascade growth based
on early evolution. As shown in Fig. 11, sequences from
cascade graphs are encoded using a bidirectional GRU, then
refined through node-level attention (capturing user influence)
and sequence-level attention (addressing community
redundancy), improving prediction accuracy.
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Fig. 11. The overall architecture of the proposed CasHAN model [43].

However, these attention-based GRU models have not been
specifically applied to food loss forecasting, which poses
distinct challenges due to the irregular, seasonal, and multi-
source nature of agricultural data. Unlike applications in stock
prediction, solar radiation, or aerospace forecasting, food loss
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prediction requires models to handle domain-specific variables,
temporal variability, and data sparsity. This highlights a critical
research gap for attention-enhanced GRU models tailored to
food loss forecasting.

C. Enhancing GRUwith Seasonal and Trend Decomposition

Seasonal-trend decomposition using Loess (STL) [44]is a
time-series technique that separates data into seasonal, trend,
and residual components. It uses LOESS, Locally Estimated
ScatterplotSmoothing, and a nonparametricregression method,
to flexibly estimate trends and seasonality over time. This
decomposition aids in forecasting, anomaly detection, and
identifying underlying patterns.

Despite advances in time-series modelling, decomposition
integration within GRU architectures remains underexplored.
Hewamalage et al. [45] noted that while RNNs, including
GRUs, can model seasonality, this is mainly effective for time
series with consistent seasonal patterns. For nonstationary or
variable-seasonality data, they recommend deseasonalisation
prior to modelling. Seasonal-trend decomposition using Loess
(STL) provides a robust, nonparametric approach to
decomposing time series into seasonal, trend, and residual
components, enabling models to focus on learning more
meaningful patterns from each.

Similarly, [46] proposed a short-term electricity forecasting
model combining seasonal-trend decomposition using Loess
(STL) with dual GRUs to separately capture global and local
dependencies, significantly improving accuracy and robustness
in handling nonlinear real-world data. Fig. 12 shows the
structure of the proposed scheme.

=

Module ¢

Dense [

~J+>

Fig. 12. The structure of the proposed scheme by [46].

The study in [47] introduced a hybrid STL-based
framework for rainfall prediction, combining GRU, multi-time-
scale GRU, and LightGBM to model decomposed components
separately. This approach notably improved forecasting
accuracy and robustness, especially for extreme rainfall events,
by capturing key patterns in meteorological data. Fig. 13
illustrates the framework of the STL-ML approach to predict
rainfall. As noted in [33], seasonal-trend decomposition using
Loess (STL) also enhances attention-based GRU models by
isolating trend, seasonal, and residual components, enabling
more effective patternextractionand improving fault prediction
accuracy in electro-mechanical actuators.

An ensemble model proposed in 2020 [48] applied
seasonal-trend decomposition using Loess (STL) with GRUs
for base station traffic forecasting, demonstrating that
modelling each decomposed component separately and
recombining results enhances overall accuracy. Seasonal-trend
decomposition using Loess (STL) effectivelyreduces noise and
outliers,allowing GRUs to better capturenonlinearpatterns and
outperform standalone GRU and SARIMAX models.
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Fig. 13. Framework of the hybrid STL-ML approach for [47].

In climate forecasting, Liu et al. [49] introduced an STL-
GRU model for temperature prediction, enabling GRUs to
capture complex temporal correlations. This approach
improved accuracy and efficiency across multiple regional
datasets. The predictive performance indicators comparison for
[49] are shown in Fig. 14. Similarly, Jia et al. [50] developed
STL-IWOA-GRU for groundwater level prediction, integrating
seasonal-trend decomposition using Loess (STL), an improved
whale optimisation algorithm (IWOA),and GRUto handledata
complexity with strong accuracy and robustness.
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Fig. 14. Predictive performance indicators for [49].

Zhang et al. [51] proposed an STL-GRU-SVR model for
sales forecasting, emphasising the importance of modelling
trend, seasonal, and residual components independently to
improve prediction. Likewise, [30] incorporated seasonal-trend
decomposition using Loess (STL) in a GRU-based
environmental forecasting model, enhancing feature space
reconstruction and improving precision and robustness by
isolating periodic and trend components.

III. METHODOLOGICAL REVIEW FRAMEWORK

This section presents a structured synthesis of existing
studies that apply GRU-based models enhanced with attention
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mechanisms and time series decomposition. To make the
findings accessible, the review is organised into a series of
tables, each dedicated to a specific category of techniques. For
instance, Tables I to VI summarise studies that integrate
differenttypes of attentionmechanisms into GRU architectures,
including Bahdanau (additive) attention, Luong
(multiplicative) attention, self-attention, cross-attention,
temporal attention, dual-attention, and more advanced designs
such as hybrid spatial-temporal and trend-aware attention.
Each table outlines the application domain, methodological
approach, key contributions, and the specific challenges
addressed, allowingus to see ata glance how these mechanisms
influence forecasting performance across different contexts.
Table VII focuses on studies that incorporate Seasonal-Trend
decomposition using Loess (STL), highlighting how
decomposing raw data into seasonal, trend, and residual
components enhances learning efficiency and accuracy. By
categorising and comparing these approaches, the framework
provides both technical depth for researchers and clarity for
practitioners, illustrating how attention mechanisms and
seasonal-trend decomposition using Loess (STL) contribute
individually and in combination to improving forecasting
outcomes. Below shows review framework for each tables:

e Table I: Standard Attention Mechanisms

e Table II: Cross-Attention and Multi-Scale Attention
e Table III: Self-Attention and Cross-Attention

e Table IV: Temporal Attention and Other Attentions
e Table V: Dual-Attention Reviews

e Table VI: Trend-Aware Attention

e Table VII: Seasonal-Trend Decomposition using Loess

(STL)
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Table VII below presents a review of studies that
incorporate seasonal-trend decomposition using Loess (STL) as
part of their forecasting frameworks. These works demonstrate
how it is used to isolate trend and seasonal components from
raw time series data, thereby improving model stability and
learning efficiency. The table summarises how seasonal-trend
decomposition using Loess (STL) has been combined with
models such as GRU, LightGBM, and hybrid neural networks
across variousdomains. This synthesis highlights the versatility
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and effectiveness of seasonal-trend decomposition using Loess
(STL) as a preprocessing technique, offering valuable guidance
for its potential application in food loss forecasting.

Vol. 16, No. 9, 2025

. Key Gap
Application Methods contributions Addressed
Developed a

Addressed the

hybrid STL-
G}l,{U model to challenge of
. nonlinearity and
improve temporal
. . temperature ..
Climate Time rediction dependencies in
Series Forecasting STL, GRU p temperature
accuracy by .
[49] capturin data, enhancing
sefsonalg prediction
variations and accuracy over
long-term traditional
trengds models.

Addressed the
challenge of
Developed a nonlinearity and
hybrid STL- complexity in
IWOA-GRU GWL time

TABLE VII. REVIEW FRAMEWORK FOR SEASONAL-TREND
DECOMPOSITION USING LOESS
R Key Gap
Application Methods contributions Addressed
Developed a
scheme using
STL Addressed the
decomposition | inability of
and dual GRU | traditional
Combined networks models to
Short-Term ombine (GlobalGRU capture complex
.. GRU with .
Electricity STL and nonlinear
Forecasting [46] .. LocalGRU) to | relationships
Decomposition
capture local and local
and global historical
dependencies, | information in
enhancing electricity data.
prediction
accuracy.
Developed a
hybrid STL-
MtL apf-roach Addressed the
tegrating challenge of
STL
d . accurately
ecomposition ..
ith machine predicting
. . STL, GRU, Wit T rainfall by fully
Rainfall Time .. learning .
. . Multi-time- extracting and
Series Prediction models to .
47 scale GRU, dict utilising
[47] LightGBM predic underlying
rainfall,
. patterns and
effectively : .
turin information
cap g from rainfall
trend, . .
time series.
seasonal, and
remainder
components.
Developed a
method
combining
STL for Addressed
seasonal-trend | early-stage fault
Fault Diagnosis for | STL-HSTA- dejcomposmon detegnon and
EMAs 133 GRU. SM with HSTA- nonlinear,

s [33] > GRU for seasonal data
spatio- challenges in
temporal EMAs.
prediction and
SM for
classification.

Developed an
ensemble Addressed the
model challenge of
combining nonlinearity and
STL chaotic
Base Station decomposition | behaviour in
Traffic Forecasting | STL, GRU with GRU to traffic data,
[48] improve enhancing
traffic prediction
forecasting accuracy over
accuracy by standalone
reducing noise | models.

and outliers

STL, IWOA, X
GRU. model to series under
Groundwater IWOA stands n?g:jri(giZSWL EnWIr{o’Vin
Level Prediction for Improved p proving
[50] Whale accuracy by prediction
s enhancing accuracy over
Optimisation ditional
Algorithm convergence traditiona
’ speed and models.
global search EWR stands for
capabilities. Ecological
Water
Replenishment.
Developed a
?2lzscastm Addressed the
del & lack of direct
. model forecasting
Sales Forecasting STL, SVR, combining .
[51] GRU STL with gzg‘fmpose q
Z\lg% afgf components in
. sales data.
higher
accuracy.
Developed a
model
combining
STL for
;ifigtirgin d Addressed the
FSR- trend neg'lecF of
PM2.5 Prediction MSAGRU information p]er:)oc}l; al:d
[30] (STL, with feature ﬁl OPIf/IZ ‘;a ures
MSAGRU) space di .
reconstruction | P ietion
models.

and multihead
self-attention
GRU for
PM2.5
prediction.

IV. DiscuUsSION

After reviewing a broad range of GRU-based forecasting
studies that utilise attention mechanisms and seasonal-trend
decomposition using Loess (STL), several clear relationships
and patterns emerge across different domains and
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methodological designs. These patterns not only clarify how
these methods contribute to forecasting performance, but also
offer valuable direction for future food loss forecasting
research.

A. Attention Mechanisms

Various forms of attention, such as Self-attention, multi-
head, cross-attention, dual-stage attention, and trend-aware
attention, Bahdanau, Luong, and more, have been applied to
GRU-based or related-based models like LSTM or others. A
consistent pattern observed is that attention mechanisms
improve the model’s ability to capture long-term dependencies
and enhance interpretability, especially in nonstationary or
highly dynamic time series tasks. For instance, studies using
multi-head or dual-stage attention (e.g. MCI-GRU [26],
PDAGRU [42]) often outperform standard GRUs by
dynamically focusing on critical time steps or features.

However, model complexity and training cost tend to
increase with more advanced attention designs. These
mechanisms also differ in scope while self-attention captures
internal temporal dependencies, cross-attention and dual-stage
attention are more effective when fusing heterogeneous inputs
or signals from different domains.

B. Seasonal-Trend Decomposition Using Loess (STL)

Studies applying seasonal-trend decomposition using Loess
(STL) consistently show that separating trend and seasonal
components improves the stability and learning efficiency of
GRU models. Models such as STL-HSTA-GRU [33], STL-
IWOA-GRU [50] and more demonstrate that denoising inputs
via seasonal-trend decomposition using Loess (STL) enhances
model focus and leads to higher forecasting accuracy across
domains such as electricity load, rainfall, climate, and
groundwater levels. An important correlation observed is that
seasonal-trend decomposition using Loess (STL) often pairs
well with ensemble or hybrid frameworks, especially where
trend clarity and seasonal structure play a strong role in
outcomes.

C. Combination of Attention Mechanisms and STL

A smaller but growing subset of studies (e.g., STL-HSTA-
GRU [33], FSR-MSAGRU [30]) explore hybrid models that
integrate both attention mechanisms and seasonal-trend
decomposition using Loess (STL). These models show
synergistic benefits: seasonal-trend decomposition using Loess
(STL) reduces input complexity by isolating components,
allowing the attention-enhanced GRU to better identify which
time points or signals are most important. This layered
approach improves robustness and interpretability, particularly
in domains with noisy, multi-scale, or highly seasonal data.
While fewer in number, these hybrid designs consistently
outperform single-technique models in accuracy and
generalisation, suggesting that the combination of seasonal-
trend decomposition using Loess (STL) and attention
mechanisms is greater than the sum of its parts.

V. RESEARCH GAPS AND FUTURE DIRECTIONS

A key limitation in current research is the lack of studies
applying combined seasonal-trend decomposition using Loess
(STL) and attention-based GRU architectures specifically to

Vol. 16, No. 9, 2025

food loss forecasting. While this hybrid approach has proven
effective in domains like electricity pricing, air quality
monitoring, and fault detection, its potential remains
unexplored in the context of food loss, despite the data’s
seasonal, irregular, and nonlinear nature.

Future work should focus on developing GRU-based hybrid
models that incorporate both seasonal-trend decomposition
using Loess (STL) and attention mechanisms. Such
architectures could better capture long-term dependencies,
dynamic temporal features, and structured patterns, offering a
promising path toward improved accuracy and interpretability
in food-related time-series forecasting.

A key direction for future research is optimising how
attention weights are fused with decomposed components,
trend, seasonality, and residuals, rather than applying attention
to raw sequences. This component-level integration could
enhance both interpretability and precision. Another open
question involves the use of adaptive decomposition techniques
that adjust to the characteristics of different food types or
supply chain contexts, potentially improving generalisability
across agricultural sectors. Additionally, the development and
release of real-world food loss datasets and standardised
benchmarks are critical for enabling rigorous model evaluation
and comparison.

Addressing these gaps is essential for building practical,
data-driven forecasting tools capable of making a tangible
impact on food loss. By combining seasonal-trend
decomposition using Loess (STL), GRU architectures, and
attention mechanisms, future models can deliver more accurate,
interpretable, and responsive predictions tailored to the
complexities of food supply chains. Such advancements would
supportproducers, distributors, and policymakers in identifying
loss-prone points earlier, improving resource allocation, and
enablingtimely interventions. Ultimately, this researchnot only
advances time-series modelling but also contributes to broader
goals of reducing waste, enhancing food security, and fostering
more resilient and sustainable supply systems.

VI. CONCLUSION

In summary, this paper highlights that both attention
mechanisms and seasonal decomposition are promising
enhancements for GRU-based food loss forecasting. Our
review of models across domains, such as electricity load, air
quality, rainfall, and fault detection, consistently shows
performance gains when attention or decomposition techniques
are used, especially in combination with GRU networks.
Attention mechanisms improve a model’s ability to capture
long-range temporal dependencies and dynamically prioritise
time steps, while seasonal-trend decomposition using Loess
(STL) isolates trend and seasonal components, allowing GRUs
to learn from cleaner, more structured inputs.

This study advances understanding of how architectural
innovations can address challenges like long-term
dependencies, seasonality, and noise in food loss data. It also
identifiesa key research gap: despite their success in other time-
series contexts, hybrid STL-attention-GRU models remain
largely unexplored in food supply chains. Given the inherent
complexity and variability in food production and distribution,
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developingsuch models is not only a valuable academic pursuit
but also a practical necessity for reducing waste and improving
food system resilience.

This review also sets the stage for future research by
outlining key directions, such as optimising the integration of
attention weights with decomposed components, exploring
adaptive or domain-specific decomposition techniques for
improved generalisation, and developing real-world datasets
and benchmarks for consistent, reproducible evaluation.

Future empirical work should focus on designing and
testing hybrid architectures that combine GRU networks with
seasonal-trend decomposition using Loess (STL) and attention
mechanisms for food loss forecasting. These models hold
promise for delivering more accurate, interpretable, and
resilient forecasting tools capable of supporting timely
interventions and strategic decisions across the food supply
chain. Ultimately, such innovations can contribute to global
efforts to reduce food waste, strengthen supply chainresilience,
and promote sustainable resource management.
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