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Abstract

Mechanical coffee dryers have been widely adopted to reduce weather dependence, improve yield,
and stabilize product quality. However, their operation is still energy-intensive and often suboptimal
in terms of controlling the temperature, airflow and moisture content of the grains. In parallel, digital
twin (DT) technology has emerged to virtually replicate complex processes and enable model-based
monitoring, optimization, and control. This article presents a systematic review based on PRISMA
on mechanical coffee dryers and their modeling and control strategies and the current and emerging
use of digital twins in drying processes, including agricultural and food products with technological
analogies to coffee. The results show a large amount of research on mathematical modeling, energy
evaluation, and quality evaluation of mechanical coffee drying. Rapidly growing but still
predominantly conceptual literature on digital twins for food processing and drying. Finally, only a
small convergence between the two fields, with no fully realized digital twin for mechanical coffee
dryers having yet been reported. This review found key gaps in the detection, data infrastructure,
and development of hybrid physical-informed AI models. Finally, lines of research are proposed for
mechanical coffee dryers enabled with digital twins, aimed at energy efficiency, product traceability
and quality assurance.
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1. Introduction

Coffee is one of the most traded agricultural commodities worldwide, and demand has been on
the rise, including high-quality specialty coffee as well [1]. It is also a key economic activity in many
tropical countries, as it is one of the world's most valuable agricultural products, according to the
International Coffee Organization (ICO) [2], both in terms of volume and value [3]. Post-harvest
processing, and especially drying, is critical to stabilizing the product, preventing microbial spoilage,
and achieving the humidity range necessary for safe storage and desirable sensory quality [4,5]. In
Colombia, the National Federation of Coffee Growers (FNC) of Colombia has regulated the quality
conditions for the export of coffee and the penalties of the purchase price of bags based on their
quality [6,7].

Traditional sun-drying is inexpensive but is highly climate-dependent, labor-intensive, and
prone to inconsistency and contamination. Mechanical coffee dryers; As rotary drums, fixed-bed, and
mixed-flow dryers, they were designed to reduce weather dependence, increase drying capacity and
allow for more controllable process conditions [4,5]. In Colombia and other producing countries,
mechanical dryers are now widely used at the agricultural and cooperative levels, often in
combination with short pre-drying under ambient conditions [5].

Despite this, mechanical coffee drying still faces several challenges: high specific energy
consumption, heterogeneous moisture profiles within the dryer, and risks of quality degradation
when temperature and airflow are not properly controlled [8-10]. Numerous studies have proposed
empirical and physics-based models for coffee drying, but their integration into online decision-
making and control is still limited. At the level of small and medium-sized coffee growers, drying
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has been managed mostly by empirical methods, dependent on the intuition of the operator and
subject to climate variability in the case of solar drying, or to severe energy inefficiencies in the case
of mechanical drying [5].

In the manufacturing and process industries, DT technology has been proposed as a core enabler
of Industry 4.0, providing a dynamically updated virtual representation of a physical asset or process,
synchronized using sensor data and used for simulation, prediction and optimization [11-13]. In the
food field, recent work has explored DTs for unit operations such as cooling, spray drying, freeze-
drying and thermal processing [14-18], and have specifically discussed its potential for drying
operations [20].

However, the intersection between mechanical coffee dryers and DT technology stays poorly
mapped. To date, it was not possible to find a review that analyzes the state of technology and
mechanical modeling of coffee drying, as well as the DT approaches applicable to coffee drying and
analogous thermal bioprocesses.

The goals of this review are as follows:

e  Review recent research on mechanical coffee dryers, with an emphasis on modeling, monitoring,
control, energy performance, and quality results.

e Review DT approaches to drying processes and food-related thermal operations, including their
architecture, modeling strategies, and sensing requirements.

e  Find gaps, limitations, and opportunities to develop DT-enabled mechanical coffee dryers.

This review was conducted following the proposal of the PRISMA methodology for the
presentation of systematic reviews [20].

2. State of the Art

Mechanical Coffee Dryers

Mechanical coffee drying has evolved from emergency solutions for peak harvests to become
the standard to produce high-quality specialty and commercial coffees, where consistency is
paramount. Understanding them correctly is critical to building your digital counterparts using DT
technology. Although the principles of operation are like other bean dryers, coffee presents
challenges due to the risk of defects and the importance of preserving aromatic compounds. Critical
variables in coffee drying include drying air temperature, relative humidity, airflow rate, bed depth,
residence time, bean initial moisture, and energy consumption. Quality-relevant responses include
final moisture, moisture uniformity, bean color and physical defects, storage stability, and sensory
metrics. Empirical evidence indicates that drying air temperature affects quality outcomes during
storage, with higher temperatures potentially increasing undesirable changes [21].

Mechanical coffee dryers can be classified into rotary drum, fixed bed (deep bed or silo type)
configurations, trays, and continuous or mixed flow configurations [4,5]. Rotary drum dryers are
often fed by biomass such as coffee husks blend the beans by rotation, promoting uniform exposure
to hot air. Fixed bed dryers use aerated silos or perforated floors, where hot air passes through a static
layer of coffee. Mixed flow and crossflow dryers resemble grain dryers and are suitable for large
capacities [5].

Several research have addressed the transfer of heat and mass within green coffee or on tracing
paper, using finite element models combined with thin-layer drying kinetics [8,22-24]. On coffee
quality, the effect of drying temperature and air conditions on cupping scores and volatile profiles
has been evaluated, showing a fundamental role of slow and moderate temperature regimes in
specialty coffees [9].

Energy performance analyses of agricultural-scale mechanical dryers show significant
opportunities for improvement through improved insulation, heat recovery and control of
recirculating air, as well as the use of renewable fuels [10].

The challenge is to optimize mechanical drying to achieve the speed and consistency of
industrial processing while maintaining the delicate quality preservation of coffee beans. We believe
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that the solution must be in the digitalization of the process. Technologies like the Internet of Things
, Big Data Analytics, and DTs provide tools to monitor, model, and control the drying environment
with unprecedented precision [25].

Digital Twin

A DT has been defined as a high-fidelity virtual representation of a physical asset, continuously
updated from data collected by sensors and used to understand, predict and optimize the behavior
of the physical asset throughout its life cycle [11-13]. In industrial environments, DTs are
implemented as cyber-physical systems that integrate:

Physical layer: Dryer hardware (heaters, fans, ducts, drum/bed), sensors, actuators, and the
coffee mass as an evolving material.

Communication layer: IoT gateways, time-synchronized data pipelines, data quality controls,
and persistent storage.

Model layer: Physics-based approaches rely on first-principles models of heat/mass transfer and
diffusion-driven moisture migration, often using reduced-order formulations. Data-driven
approaches learn patterns from data via ML regression/classification, including LSTM/sequence
models for drying kinetics prediction. Hybrid approaches combine physics structure with learning
to improve fidelity and robustness.

Analytics and services: optimization, predictive control, rule-based/fuzzy control, anomaly
detection, and operator-facing guidance.

Visualization and user interaction: Control panels and decision support.

According to the literature consulted, DTs can be divided into different classification schemes
according to the level of the general process they represent. Likewise, challenges in interoperability,
standardization and data management have been highlighted [11-13].

In the agri-food sector, recent studies have analyzed the applications of DT throughout food
supply chains, highlighting opportunities for quality assurance, resource efficiency and traceability
[14-17], emphasizing the coupling of sensor networks, process models, and decision support tools
[17].

In the context of coffee drying, a DT is not merely a static simulation used for equipment design.
It is a dynamic, operative model that runs in parallel with the physical dryer. It ingests real-time data
from sensors, processes this through models created to predict internal states that cannot be
measured directly, and then autonomously adjusts the dryer's actuators to follow an optimal
trajectory [26].

DT in Feeding and Drying Processes

DTs in food process operations are the next step beyond conventional process models thanks to
real-time data integration and lifecycle alignment [14]. The authors in [15,16] conducted a review on
food DTs and their implementation in the food industry, documenting early case studies in bakery,
brewery, dairy processing, and logistics.

DTs are increasingly discussed in food processing. A review of DT applications and
opportunities in food processing highlights emerging use cases in monitoring, predictive quality, and
energy efficiency, but also notes the early-stage nature of DTs in many food unit operations due to
data and validation constraints [27]. In food processing, the Virtual Entity typically integrates multi-
physics models capturing hydrodynamics, thermodynamics, and kinetics [26].

Specific for drying in [18] the development of a physics-based DT is shown to explore the trade-
offs between product quality and energy consumption in fruit drying, while in [19] The prospects for
DTs in drying technology were published. Recently, the authors in [28] proposed a DT model of an
indirect solar dryer based on artificial neural networks and global sensitivity analysis. Typical control
is often insufficient for drying processes due to thermal inertia, time delays, and the nonlinear nature
of the process. Digital twins enable advanced control strategies.
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Other research has implemented DT or DT-like frameworks in related thermal processes, such
as microwave cooking [29], autonomous thermal food processing [30] and freeze-drying [31]. These
studies provide methodological blocks that can be transferred to coffee drying.

3. Methodology

Based on the stages proposed in the PRISMA methodology, first, searches were carried out in
the following databases: Scopus, Web of Science, IEEE Xplore and ScienceDirect, in a time window
between the years 2000 and 2025, using various combinations of the key phrases for the research such
as DT, Mechanical Coffee Drying, Coffee Drying Processes, Physical-Informed AI Models, etc. The
summary of this process can be seen in Figure 1.

In Figure 1, we can see the inclusion criteria for the initial selection and filtering stage of the
localized research, likewise, we can see the exclusion criteria that led us to the selection of the 32
studies that were used as support for this review.

Figure 1. Research Selection Process using the PRISMA methodology.

For the most representative studies, Table 1 summarizes four synthesis fields Process/Product,
Drying Type, Modeling Approach, and Main Contribution, to provide a compact, decision-oriented
mapping aligned with the review questions. The Process/Product column identifies the application
domain, while Drying Type specifies the unit operation and configuration. The Modeling Approach
column classifies the dominant methodological used in each work, consistent with how studies
operationalize prediction and control. Finally, Main Contribution consolidates the most transferable
outcome reported in the study enabling cross-study comparison and supporting the thematic
synthesis across coffee mechanical drying evidence, DT enabling components for coffee drying, and
DT implementations in drying and related thermal processes
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Table 1. Representative studies included.

Ref. Process / Product  Drying Type Modeling Approach Main contribution
leed./ Coupled heat and mass ~ Mechanistic simulation of coffee
[8] Green coffee beans mechanical . L.
transfer model drying kinetics.
stretcher
9] Specialty coffee MecharTical hot E\./aluation of . It links rr.‘lechanical drying regimes
air experimental quality with sensory quality.
Mechanical d
[10] Coffee Bean e(:g?ir:jft urg]er Experimental energy  Identify ene.rgy losses and options
balance for improvement.
scale)
[22] Various agricultural Solar / Sustainable Drying It synthesizes eco-efficient dryer
products Convective Review designs.
[14] Generic Food Various Feeding DT Conceptual He proposes the concept of DT for
Processes Unit Operations Framework food processing lines.
th d maturity of
[16] Food Manufacturing Multiple Food DT Survey Map D"l? ;thiea?(fz;?n dr::;:;;ﬂy ©
Field and . .
. Conceptual DT for It introduces DT concepts in
[17] Agriculture greenhouse . .. .
Agriculture precision agriculture.
systems
Physics- d DT with D trates DT for dryi ith
[18] Fruit Drying Hot Air Dryer ysics lfaas.e DT wi emonstrates or drying wi
optimization quality-energy trade-offs.
Indirect, two- ANN-based DT and DT for the desi d control of
[28] Natural Solar Dryer ndirect, two NN ba.sv'e . an ‘ or the design and control o
chamber global sensitivity analysis solar dryers.

Laboratory-scale Physics-based DT

Thermal Food DT lean conceptual approach to

[30] . heating framework for !
Processing . thermal operations.
equipment autonomous control
Pharmaceutical Vial Scale + Hybrid DT with Demonstrates DT for process
(31] : . o . I -
freeze-drying Equipment Scale Optimization and LCA intensification and sustainability.
4. Results

Mechanical Coffee Dryers Modeling and Assessment

The dryer’s mechanical design, energy system, and actuator capabilities determine how
accurately the process can be modeled and how effectively it can be controlled. Across the reviewed
evidence, recent engineering advances concentrate on improving energy efficiency and
controllability, both essential for real-time sensing, state estimation, and DT-driven decision-making.
The specific literature remains primarily focused on controllable drying conditions, kinetics, and
quality outcomes rather than explicit DT architectures. Nevertheless, several studies provide
empirical and modeling substrates needed for DT development.

The authors in [8] developed a mechanistic model of heat and mass transfer during the drying
of green coffee beans on a fixed bed, solving coupled partial differential equations for moisture
diffusion and convective transfer with the drying air. The model successfully predicted internal
temperature and humidity gradients and supported the design of multi-stage drying programs.
Other work provides empirical kinetics for different coffee varieties and initial moistures, often using
empirical equations commonly used for fruits and vegetables [23,24].

In [10] an energy assessment of mechanical coffee drying was conducted on an agricultural scale,
quantifying fuel consumption, thermal efficiency and the contribution of radiation and convective
losses. They reported modest overall thermal efficiencies, in line with other convective dryers, and
found considerable potential in heat recovery and better insulation.

The authors in [9] investigated the impact of mechanical hot air-drying regimes on the sensory
quality of specialty coffee, comparing different temperature steps and air conditioning. They found
that excessively elevated temperatures or aggressive regimes can lead to the loss of desirable
aromatics and the development of defects, while moderate, controlled profiles keep usage scores
comparable to those of carefully managed drying. Several studies and white papers describe the
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implementation of simple feedback control and instrumentation, but do not yet integrate advanced
model-based control or DT concepts [4,5,10].

In [32] a detailed experimental study of a coffee dryer evaluated temperature, airflow rate, and
bed loading, complemented by an analysis of agitation as a mixing intervention. Drying time was
found to be strongly governed by temperature and bed height, these findings suggest that, under the
explored operating regime, coffee drying may be more diffusion-limited than advection-limited,
implying that DT model structures should explicitly represent internal moisture migration and
recognize diminishing returns from airflow increases beyond a threshold.

Regarding drying kinetics and thin-layer (moisture-ratio) modeling, these authors [33-35]
approaches yield compact parameterizations suitable for embedding into DTs as reduced-order
models and for designing soft sensors that can improve predictability and mitigate over-drying risks.

DT for Drying and Related Thermal Processes

DT becomes impactful when coupled with decision-making and actions. Coffee drying is
nonlinear, time-varying, and influenced by exogenous disturbances. These properties motivate
robust control strategies.

A physics-based DT for fruit drying was developed in [18], coupling detailed transport models
with real-time process measurements to find best operating conditions that balance drying time,
energy consumption and product quality. The study shows that DTs allow specific optimization for
batches and for executions beyond static operation recipes.

In [18] a hybrid and solar-assisted systems show that a complex control due to variable solar
input is well managed by DTs that can fuse sensor data with weather forecasts to schedule auxiliary
heating and maintain a consistent drying trajectory while improving renewable energy use.

The authors in [28] proposed a DT for an indirect solar dryer using artificial neural networks
trained on experimental data to predict dryer and product behavior. A global sensitivity analysis was
then used to show the most influential parameters on performance, guiding design improvements
and control strategies.

In [19] they synthesized the status of DTs for drying and highlighted favorable conditions for
their adoption: increasing availability of sensors and low-cost connectivity, maturity of physics
simulation tools, and the need for real-time quality prediction, especially for products with high
variability.

A conceptual framework for DT of food process operations was provided in [14], emphasizing
the integration of mechanistic models (e.g., computational fluid dynamics and multiscale transport
models) with sensor data, and illustrating applications in cooling, maturation, and drying.

The authors in [30] proposed a basic, physics-based DT framework for autonomous thermal food
processing, making the case for simplified but accurate models connected to control systems that
adjust in-line heating profiles.

A DT-enabled framework for freeze-drying was presented in [31] that integrates scaled models
of equipment and products with life cycle optimization and assessment, proving that DTs can be used
to jointly improve process time, energy consumption, and environmental impacts.

The authors in [15,16] reflect on food DT at the system scale, encompassing applications from
smart processing to logistics and supply chains. In [17] DTs were introduced in agriculture, defining
general architectures that integrate field sensors, crop models, and decision support for farm
management. These frameworks, while not specific to drying, are directly relevant for integrating
mechanical dryers into digital ecosystems at the farm level.

In [36] a DT for semi-continuous fluidized-bed drying is proposed using physics-based process
modeling to reduce energy consumption by informing operational adjustments, thereby supporting
explicit energy-oriented objectives beyond moisture endpoint tracking.

A DT framework for smart control in vacuum filter-bed drying was presented in [37], integrating
sensor fusion, state estimation, predictive simulation, and closed-loop control to achieve target
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moisture under disturbances and time/energy constraints, which is directly transferable as an
architectural blueprint for coffee drying DTs.

The authors in [38] introduced a DT-aided transfer-learning strategy for thermal spray dryers
under scarce labels, showing how DT-informed learning can improve energy optimization when
high-quality labels are limited. The authors in [39] demonstrated DT-oriented process modeling for
lyophilization, emphasizing model-based representation, parameter management, and process
supervision as core practices for robust calibration and validation that can be adopted as DT design
principles in coffee drying despite differing thermodynamics.

Finally, authors in [26] argued that DT applications in food drying remain nascent and outlined
how DTs can enable operation under variable drying conditions and next-generation control,
consistent with the observation that integrated DT deployments in coffee drying are still limited.

Several industrial case studies show DT-type implementations that combine models with plant
data to diagnose faults and improve energy use [13,40]. These prove the feasibility of DTs in large-
scale drying equipment and offer methodological insights for applications in coffee.

Convergence Between Coffee Dryers and DT

Systematic mapping reveals that, to date, no fully performed DTs have been explicitly reported
for mechanical coffee dryers. The coffee-specific literature focuses on independent models and
experiments, while DT case studies address other agricultural or food products or generic drying and
thermal processes. The core technological constituents required for the convergence are already
available. Nevertheless, they are commonly implemented as standalone solutions rather than as an
integrated, continuously synchronized system.

However, there is conceptual and technological overlap in terms of modeling variables such as
heat and mass transfer by convection, moisture diffusion, and product shrinkage. Likewise, the
detection requirements are comparable between products [[8,18,19,22,24,28]. DT frameworks in food
and agriculture already support integration with IoT platforms and cloud services that could host
coffee dryer twins [14-17].

At DT Level 1 - Digital Model, there are robust mathematical representations of drying behavior
as well as high-fidelity models that analyses airflow and heat/mass transfer characterization [34]. At
DT Level 2 - Digital Shadow, IoT-enabled monitoring platforms increasingly support real-time
visualization of the drying process, improving operational awareness without necessarily providing
predictive or bidirectional coupling [41]. Progress toward DT Level 3 - Digital Twin is now evident
through emerging closed-loop implementations; for example, fuzzy-logic-controlled rotary drying
systems can be interpreted as proto-DT architectures in which measured states inform actuation in
near real time [42]. Nevertheless, fully realized, physics-grounded DT implementations represent the
most immediate and transferable next step for coffee drying [18].

5. Discussion

Although the literature on DTs for drying is expanding, it remains dominated by conceptual
proposals or implementations in fruits, vegetables, and pharmaceutical contexts, while validated DT
deployments for mechanical coffee dryers are notably scarce despite coffee’s economic relevance and
the relative maturity of dryer modeling. Under common DT maturity classifications, the coffee field
largely concentrates on a digital model/digital shadow that can be updated periodically but are not
executed as continuously synchronized predictive twins and in cyber-physical systems with limited
model coupling, where monitoring and control are achieved without maintaining a predictive multi-
state virtual entity. By contrast, industrial drying settings more frequently instantiate explicit DT
constructs suggesting that coffee DT scarcity is driven less by methodological absence and more by
domain-specific data and deployment constraints such as cost, reliability, maintainability, and lot
variability.

Most coffee drying models are developed and validated using controlled datasets, frequently
decoupled from the real-time dynamics of commercial operations, which limit their direct use as DT
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cores. Moreover, agricultural-scale dryers in producing regions typically operate with minimal
instrumentation, while real-time measurements of grain temperature, water activity, and internal
moisture profiles remain rare; consequently, the synchronized, high-resolution datasets needed for
DT quality-preserving optimization are fragmented and weakly standardized.

Coffee control practice also tends to privilege temperature and airflow, yet evidence from thin-
layer studies indicates that jointly controlling temperature and relative humidity can be critical for
predictability and reducing over-drying risk, implying that DT architectures that treat humidity as
secondary may systematically mis predict kinetics and quality risks. Building effective coffee-dryer
DTs therefore requires a pragmatic pathway that balances physical fidelity with computational
flexibility and parameters that can be uniquely determined from observed data, while remaining
robust and low-cost. Transferable Cyber-Physical Systems architectures indicate that multi-sensor
integration is feasible at low cost, and industrial drying DTs show that mechanistic models can guide
energy reduction and that DT-aided learning can mitigate sparse-label regimes through transfer
learning.

In parallel, DTs can enable soft sensors for unmeasured variables like internal moisture, water
activity, and expected cup quality, but adoption will depend on organizational readiness and
operator trust, suggesting value in interpretable control layers and explainable machine learning for
human-auditable recommendations. Ultimately, coffee DT deployment aligns with Industry 4.0
modernization goals but must respect post-harvest constraints; a realistic phased trajectory would be
monitoring processes, follow by predictive soft sensors, advisory optimization, semi-autonomous
control and finally, autonomous operation. All this is supported by standardized readiness and
validation.

Sustainability and energy intensity emerge as primary drivers for DT adoption in coffee post-
harvest operations, given that drying can account for more than 60% of the total energy demand in
coffee processing. A DT can improve endpoint precision by forecasting the moisture trajectory and
identifying the optimal termination point within the target range, helping to reduce systematic over-
drying. DT benefits are further amplified in hybrid solar-mechanical systems, where energy input is
time-varying; by assimilating weather forecasts, the DT can anticipate near-term solar availability
and proactively modulate the auxiliary heat source to maximize the utilization of low-cost renewable
energy while preserving a stable drying trajectory

The reviewed literature supports the feasibility of closing the loop through interpretable
supervisory approaches and optimization-based strategies, which jointly manage constraint
satisfaction and multi-objective performance targets. Collectively, these findings position DT
technology not as a speculative add-on, but as an increasingly necessary engineering response for the
coffee sector to achieve consistent quality, improved energy efficiency, and enhanced sustainability
under market competition and climate-driven variability.

6. Conclusions

This systematic review has enabled a consolidated assessment of the state of research on
mechanical coffee dryers in relation to the broader adoption of DTs in thermal food-processing
operations. The analysis indicates that mechanical coffee dryers deliver indispensable controllability,
throughput, and weather independence for post-harvest processing, yet their operation remains
frequently suboptimal, with persistent challenges related to energy intensity and quality risks.

At the same time, the coffee-drying literature provides robust foundations revealing clear
opportunities for energy efficiency, product uniformity, and quality optimization. In parallel, DTs
have emerged as a powerful paradigm across food processing, with demonstrated benefits in contexts
such as fruit drying, solar-assisted systems, and freeze-drying, where real-time optimization,
supervisory decision support, and sustainability-oriented assessment are increasingly feasible.

However, the review identifies a major gap in the convergence of these two domains: explicit
DT deployments for mechanical coffee drying remain virtually unexplored. To date, fully realized
and validated DT implementations tailored to mechanical coffee dryers have not been reported, even
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though the enabling building blocks are increasingly available. These include empirical evidence
linking operating conditions to quality outcomes, kinetic models developed under controlled
conditions, airflow models that support design and uniformity improvements, and early-stage cyber-
physical monitoring approaches applied to rotary coffee drying. Moreover, transferable DT evidence
from drying-intensive industries demonstrates repeatable DT patterns that can be adapted to coffee
dryers when data limitations and field constraints are explicitly addressed.

Mechanical coffee drying is undergoing a marked transition toward smart dryer operation. The
evidence indicates that this shift is being enabled by the concurrent development of dryer hardware
with greater actuator authority and improved thermofluidic uniformity, predictive mathematical
models capable of representing drying dynamics with sufficient accuracy for decision support and
closed-loop control strategies that translate model predictions and sensor measurements into energy
and quality-aware actuation. In combination, these elements define the technical basis for deploying
DT oriented architectures in coffee post-harvest processing.

Coffee quality is strongly coupled with the product’s thermal exposure, as several chemical
attributes are heat-sensitive and can degrade under excessive or poorly managed thermal stress.
Within a DT framework, thermal history tracking enables estimation of the cumulative thermal load
experienced by the bean mass and supports the enforcement of quality constraints during operation.
As moisture content decreases a DT can recommend or execute a variable control policy, for instance,
automatically ramping down inlet air temperature to mitigate scorching risk while maintaining
drying progress.

This trajectory-based strategy is consistent with evidence from other food products, where non-
constant temperature operation has been shown to preserve higher levels of heat-sensitive nutrients
compared with constant-temperature drying, thereby supporting the broader premise of DT-enabled
quality preservation through adaptive thermodynamic control.

A practical sequence begins with upgraded instrumentation and dependable data pipelines,
followed by calibrated reduced-order physics models that explicitly incorporate humidity-aware
kinetics, then hybrid soft sensors and explainable machine learning to infer moisture and quality
proxies, and finally hierarchical closed-loop control capable of jointly optimizing energy, time, and
quality. The potential impact of this integration is substantial: hybrid modeling, virtual sensing, and
model-based predictive control could deliver meaningful energy savings, improved consistency in
grain quality, and enhanced traceability across coffee-drying operations.

The research on mechanical coffee drying reflects the realities of coffee production: it is diverse,
context-dependent, and shaped by practical constraints in the field. According to studies, dryers
differ in design and scale, instrumentation ranges from minimal to moderately advanced, and
operating practices vary with climate, fuel availability, and local expertise. Consequently, authors
often report outcomes using metrics that best fit their setting—drying time, fuel or electricity
consumption, final moisture, or a selection of quality and sensory indicators —yet these measures are
not consistently defined or collected in comparable ways.

This makes it difficult to combine results into a single quantitative narrative without
oversimplifying what is, in practice, a complex socio-technical process. For this reason, the present
review adopts a qualitative and thematic synthesis, focusing on what repeatedly emerges across
contexts: where energy is wasted, where quality is put at risk, and which sensing and modeling
elements are most promising for DT deployment.

7. Future Work

Based on this synthesis, several lines of research are proposed to advance in this field. Firstly,
the development and implementation of DT prototypes for existing rotary or fixed-bed dryers is
essential, prioritizing architectures that define interoperable modules and interfaces rather than
monolithic models. In this sense, the sensing layer should be strengthened by instrumenting
inlet/outlet air temperature and relative humidity, airflow, multi-point bed/drum temperatures,
batch mass, and energy metering. On this basis, state estimation capabilities must be incorporated
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through soft sensors that infer batch-average moisture content with explicit uncertainty bounds, and,
where feasible, spatial estimation supported by distributed measurements.

Hybrid modeling and parameter estimation should be deepened through reduced-order models
that couple mechanistic energy and moisture balances, complemented by kinetics models
conditioned on processing method and variety. Also, the development of models that combine
principles structure with data-driven learning is proposed to capture time-varying parameters
dependent on grain properties or environmental conditions.

In addition, these systems must evolve into twins that allow estimating the quality of the grain,
linking model outputs and drying trajectories with sensory and physicochemical indicators,
supported by explainable Al tools. Near-term priorities include explainable soft sensors that
leverage mass loss, humidity differentials, etc., as well as interpretable predictors with transparent
uncertainty reporting; hybrid explanation schemes that integrate physics-based constraints with ML
attributions are also recommended to improve operator trust and facilitate adoption.

Moreover, the transition from monitoring to actionable DTs requires the explicit integration of
decision and control modules. It is proposed to embed multi-objective optimization for setpoint
scheduling of temperature and airflow trajectories, combined with anomaly detection for early
warning. Emphasis should be placed on real-time closed-loop endpoint control to stop at target
moisture with minimal over-drying, adaptive schedule control under ambient humidity
disturbances, and fault detection based on DT differences between measured and predicted states.

Finally, it is crucial to address the sustainability and scalability of these solutions by integrating
dryers with renewable energy sources and using DT-driven scheduling according to energy
availability. To ensure applicability in rural contexts, DT implementations should support edge
devices under intermittent connectivity, prioritize low-cost and maintainable sensors, and provide
interfaces adapted to smallholder producers. In parallel, the consolidation of standardized datasets
is identified as a field-wide acceleration lever, including minimum dataset specifications,
standardized protocols for quality labeling, and public benchmarks for moisture prediction and
schedule optimization under realistic operational constraints.
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