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Abstract

Post-harvest losses of fruits and vegetables are an important bottleneck in food systems of
countries around the world, with 30–50% of perishable food items lost between farm and
consumer, smallholder farmers in low-and-middle income countries (LMICs) with poor
cold chain infrastructures facing a disproportionate burden. Evaporative cooling (EC) is a
low-cost and energy-efficient alternative to mechanical refrigeration; however, traditional
systems are operated in one position and are dependent on climate, which restricts its
performance. The combination of Internet of Things (IoT) sensing, machine learning (ML),
and the advanced control theory has made intelligent evaporative cooling systems (IECS)
adaptive, data-driven platforms that can regulate the environment in real-time and optimise
autonomously. This is a systematic literature review that was carried out according to
PRISMA 2020, summarising 94 peer-reviewed articles published in 2018–2025 to map the
technological landscape, performance indicators, and research directions of the field of
post-harvest fruit and vegetable preservation using IECS. Findings indicate that IECS can
considerably lower the storage temperatures, increase the shelf life by 50–200%, and reduce
energy consumption by 75–90% compared to traditional refrigeration, and the payback
period is as short as 1.2 years. In arid conditions, ML models are accurate in prediction
with an R2 of 0.98. The gaps in the research identified are a lack of validation in wet
climatic conditions, non-existent standardised Ag-IoT protocols, inadequate Food–Energy–
Water (FEW) nexus calculation, and no explainable AI (XAI) interfaces. An example of
a conceptual framework of four layers synthesised is proposed to direct next-generation
research and implementation of the IECS.

Keywords: Internet of Things (IoT); machine learning; model predictive control; agricul-
tural automation; sustainable food systems; climate-smart agriculture; Food–Energy–Water
nexus; smallholder farmers

1. Introduction
This is paradoxical because of the abundance and lack of food in the world’s food

system. As agricultural production is enough to supply the world with food, it is approxi-

AgriEngineering 2026, 8, 150 https://doi.org/10.3390/agriengineering8040150

https://crossmark.crossref.org/dialog?doi=10.3390/agriengineering8040150&domain=pdf&date_stamp=2026-04-16
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/agriengineering
https://www.mdpi.com
https://orcid.org/0000-0002-2784-8891
https://orcid.org/0000-0001-5865-8612
https://orcid.org/0000-0003-0130-2468
https://orcid.org/0000-0002-6125-0180
https://orcid.org/0000-0001-6971-1917
https://orcid.org/0000-0003-2870-7959
https://orcid.org/0000-0002-1042-833X
https://orcid.org/0000-0002-2294-5545
https://orcid.org/0000-0001-5773-4249
https://doi.org/10.3390/agriengineering8040150


AgriEngineering 2026, 8, 150 2 of 31

mated that 1.3 billion tons of food, and that is about one-third of all food produced to be
used by human beings are lost or wasted every year [1]. The most susceptible category is
fruits and vegetables, where post-harvest losses have been reported at 30% in developed
economies and more than 40% in most parts of sub-Saharan Africa and South Asia, as
depicted in Figure 1 [2–4].

Figure 1. Post-harvest losses of commodities in the world [4].

The losses are mostly experienced during the crucial post-harvesting period, when
poor handling, storage, and transport facilities expose perishable food to rapid decay
through respiration, transpiration, microbial growth, and physical damage [5].

These losses are multidimensional. As an economic factor, they constitute a direct
loss of income for smallholder farmers, who constitute the majority of food producers
in LMICs [6]. On nutritional grounds, they deny populations of essential vitamins and
minerals, worsening the situation of micronutrient deficiencies [7]. They represent a
monumental environmental waste, as the water, land, energy, and labour used to create
them go to waste, and the rotting of discarded food in landfills produces a lot of methane,
a powerful greenhouse gas [8]. Here, the problem of minimising post-harvest loss is not
only logistical but also strategic to achieving the United Nations Sustainable Development
Goals (SDGs), in particular SDG 2 (Zero Hunger) and SDG 12 (Responsible Consumption
and Production) [9].

The gold standard for preserving post-harvest in industrialised environments is con-
ventional cold chain solutions, with vapour-compression refrigeration as their cornerstone.
Nevertheless, their high capital and operating costs, reliance on a stable electricity supply,
and reliance on environmentally damaging refrigerants (e.g., HFCs) make them impractical
and unsustainable for the vast majority of small-scale farmers in off-grid or semi-grid
rural regions [10,11]. The economic and technological gap has created a motivation to find
an alternative to passive and active cooling methods, and evaporative cooling (EC) has
emerged as a contender.

The EC principle is based on elementary thermodynamics; since the liquid water
evaporates, it takes over the latent heat of the surrounding air, which causes a drop in
the dry-bulb temperature of the air, as shown in Figure 2. Since all that is needed to do
this process is water and a supply of sufficiently dry ambient air, the process is not only
energy-efficient but also cheap to run [12].
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Figure 2. Schematic diagram of evaporative cooling technologies.

Passive EC systems have been in operation since ancient times, such as the famous
pot-in-pot cooler (zeer pot), which extends the shelf life of some produce by several
days [13]. They are, however, completely passive and uncontrolled in terms of performance,
susceptible to the humidity of the surrounding air, and have low cooling capacity.

More uniform and powerful cooling is achieved with active EC systems, which include
fans to force air through a wetted material (e.g., cellulose pads). They can attain 10–15 ◦C in arid
weather, greatly retarding the metabolic and microbial activities that lead to spoilage [14].
Although these are the benefits, the basic on/off switches or fixed-speed fans are used to
operate traditional active EC systems, resulting in inefficiencies. They are unable to adjust
to varying ambient conditions, the individual respiration rates of various types of produce,
or the dynamic rate of water evaporation of the cooling media. This fixed process leads
to over-cooling (a waste of water and power) or under-cooling (poor maintenance of the
produce) [15].

Combining Internet of Things (IoT) sensing, machine learning (ML), and advanced
control theory since 2018 has allowed the creation of a qualitatively new type of system,
an intelligent evaporative cooling system (IECS). Through the combination of real-time
sensor readings, predictive microclimate modelling, and adaptive control algorithms;
model predictive control (MPC) and reinforcement learning (RL), IECS platforms can
now autonomously optimise cooling performance, control water and energy consumption,
and offer remote monitoring and fault alerting at hardware costs that have now dropped
to less than USD 100 including the hardware implementation of the intelligence layer
of the IoT. Although this has developed at a rapid rate, the literature is still scattered
across the engineering, agricultural science and computer science disciplines without an
overall synthesis that can map the technological landscape and quantify the performance
benchmarks of the technology and identify the gaps in the research that need to be resolved
before IECS is able to be deployed to the degree that would make it have a significant
impact on global post-harvest losses.
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This is the gap that is filled by this systematic literature review (SLR). It is based
on PRISMA 2020 methodology and synthesises and critically assesses peer-reviewed ar-
ticles published between 2018 and 2025 to offer a state-of-the-art review of the use of
IECS in preserving post-harvest fruits and vegetables. The analysis is organised into four
research questions: (RQ1) What physical architectures, evaporative cooling technologies,
and system designs are distinct in the literature of the IECS? (RQ2) What are the sensing,
communication, and data acquisition models used in the real-time monitoring and control
of these systems? (RQ3) Which methods of advanced control and ML algorithms are
applied to IECS, and how do they enhance performance compared to more basic methods?
(RQ4) What is the performance of IECS in terms of technical performance, economic perfor-
mance, and sustainability to the environment? The review goes beyond a chronological
summary of the narrative to provide a comparative cross-study synthesis, embed essential
thermodynamic and control equations in a single technical system, and provide a critical
evaluation of the quality and generalisability of the evidence of the reported results. It
ends with a particular, practical research agenda and a generalised conceptual framework
of the next-generation IECS design, aimed at researchers, engineers, Policymakers, and
agricultural practitioners who are dedicated to the achievement of climate-resilient and
equitable food systems.

2. Materials and Methods
This systematic literature review was conducted and reported in accordance with

the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 2020
guidelines [16]. A completed PRISMA 2020 checklist is provided as Supplementary Mate-
rial. This review was not prospectively registered in a public registry (e.g., PROSPERO);
however, the search strategy, inclusion/exclusion criteria, and analytical framework were
defined a priori and are fully documented in this section.

This systematic literature review (SLR) synthesises and critically evaluates peer-
reviewed studies published between 2018 and 2025 to map the technological landscape,
performance benchmarks, and research trajectories of IECS for fruit and vegetable storage.
Two convergent reasons led to the search window being restricted to 2018–2025. Firstly,
a scoping search prior to the actual search revealed that peer-reviewed articles that in-
corporate evaporative cooling in a specific combination with machine learning or model
predictive control in the context of post-harvest agricultural uses were practically insignifi-
cant in volume prior to 2018 (less than four papers identifiable in the Scopus and Web of
Science databases), making them analytically uninformative to the research questions used
in this review. Second, 2018 represents the commercial availability of LoRa/LoRaWAN
infrastructure in large quantities, which facilitated the rural long-range connectivity that
is a requirement for multi-node IECS deployments in off-grid rural agricultural regions.
Research that precedes this infrastructure achievement cannot be directly likened to the
interconnected, information-driven systems that form the focus of this review. Early (pre-
2018) research on passive evaporative cooling, especially on pot-in-pot coolers and simple
active DEC, is referenced where required to form a technological background, but is not
part of the main synthesis.

2.1. Search Strategy and Database Selection

Following the PRISMA 2020 guidelines, a comprehensive search was conducted across
Scopus, Web of Science, and IEEE Xplore, applying rigorous inclusion and quality as-
sessment criteria. Our analysis is structured around four interrelated thematic domains:
(1) system architectures and evaporative cooling technologies, (2) sensing, communication,
and data acquisition frameworks, (3) intelligent control strategies and machine learning
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integration, and (4) performance metrics, economic viability, and sustainability impacts.
We present and contextualise key thermodynamic and control equations, including wet-
bulb and dew-point effectiveness, vapour pressure deficit (VPD), coefficient of perfor-
mance (COP), and Model Predictive Control (MPC) formulations to provide a unified
technical foundation.

The following Boolean search string was applied consistently across all three databases:
(“evaporative cooling” OR “indirect evaporative cooling” OR “Maisotsenko cycle” OR
“dew-point cooling”) AND (“post-harvest” OR “food preservation” OR “fruit storage”
OR “vegetable storage”) AND (“IoT” OR “Internet of Things” OR “machine learning” OR
“deep learning” OR “neural network” OR “model predictive control” OR “reinforcement
learning” OR “smart control” OR “wireless sensor”).

2.2. Screening and Selection Process

The study selection process followed the four distinct phases outlined in the PRISMA
2020 flow diagram, as depicted in Figure 3.

Figure 3. PRISMA 2020 flow diagram illustrating the systematic search and selection process. Records
were identified from three electronic databases (Scopus, Web of Science, and IEEE Xplore). Duplicate
removal, title/abstract screening, full-text eligibility assessment, and final inclusion stages are shown
with record counts at each phase.

1. Identification: The initial database search yielded a total of 1915 records.
2. Screening: After removing 317 duplicate records using the reference management

software Zotero 7.0, 1598 unique titles and abstracts were screened independently by
two reviewers. Records that were clearly outside the scope (e.g., wrong topic, passive
cooling, non-English) were excluded. This phase resulted in 220 articles for full-
text assessment.
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3. Eligibility: The 220 full-text articles were rigorously assessed against the inclusion
and exclusion criteria. The primary reasons for exclusion at this stage were: reviews
(n = 10), non-agricultural (n = 49), no IoT component (n = 15), or insufficient technical
detail to evaluate the system (n = 52).

4. Included: A final set of 94 studies met all the pre-defined criteria and were included
in the qualitative synthesis.

The completed PRISMA 2020 checklist, indicating the location of each reporting
element within this manuscript, is provided as Supplementary Table S1. The PRISMA 2020
flow diagram is presented as Figure 3.

3. Physical System Architectures and Evaporative Cooling Technologies
The hardware of an IECS constitutes the base layer and determines its core cooling

capacity, energy efficiency, and ability to fit specific climatic conditions. The literature shows
a clear evolution from the simple Direct Evaporative Cooling (DEC) to more advanced
systems, such as Indirect (IEC) and Maisotsenko-cycle (M-Cycle), combined with renewable
energy sources.

3.1. Direct Evaporative Cooling (DEC)

The simplest and most common active EC is DEC. A standard DEC system consists
of a fan that forces warm, dry air from the surroundings into a wet, porous device (the
evaporative pad). During airflow over the pad, the latent heat of the evaporated water is
absorbed into the airstream, decreasing the dry-bulb temperature and increasing humid-
ity [17]. The cold, moist air is then channelled into the storage room where the produce is
stored. The DEC is depicted in Figure 4.

 

Figure 4. Illustration of a direct evaporative cooling system [18].

The effectiveness of a DEC system is mainly measured by its wet-bulb effectiveness
(ηwb), which is the closeness of the system to the theoretical maximum cooling, which is
the wet-bulb temperature of the inlet air.

ηwb =
Tdb,in − Tdb,out

Tdb,in − Twb,in
(1)

Tdb,in and Tdb,out are the temperatures of the dry bulb of air at the inlet and outlet
of the cooler, respectively, and Twb,in is the temperature of the wet bulb of air at the inlet.
The ideal DEC system would have ηwb = 1.0 (or 100%). In the field, commercial cellulose
pads can attain a range of ηwb values between 75 and 95%, based on the pad thickness, air
velocity, and water distribution quality [19,20].
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The main strength of DEC is that it is simple, less expensive, and highly Coefficient
of Performance (COP). The cooling capacity (

.
Qcool)/electrical power input (

.
Welec) ratio is

called the COP of an EC system.

COP =

.
Qcool

.
Welec

=
.

ma
(hin − hout)

.
Welec

(2)

.
ma is the rate of mass flow of air and hin and hout are the specific enthalpies of air in

the inlet and outlet. Since the primary energy source is the latent heat of water (which is
free), electrical energy is merely spent to power up the fan and the water pump, resulting
in COP values of 15–20, much better than the COP of 2–4 of a typical vapour-compression
system [21].

On a fundamental level, DEC systems based on GSM- and SMS-enabled systems yield
100–133% of shelf-life and total cost under USD 200 with payback times of 1.2–1.5 years,
the most economically compelling system in the literature under consideration. Their
disadvantage is also uniform; they all work in fixed or threshold-only mode of control,
use water inefficiently, and are limited to arid climates (ambient RH < 50%) where the
humidification trade-off of DEC does not hamper the quality of produce. The next step
to Wi-Fi and cloud integration [22]) introduces real-time PWM fan control and remote
dashboarding but moves the implementation not out to the fields but into the lab: the single
piece of Wi-Fi-based DEC research examined was performed under controlled laboratory
conditions with fixed low humidity and was not field-validated, whether its reported COP
of 17 and R2 of 0.96 would withstand the vagaries of a real farm environment.

The most conceptually important innovation in the category of technologies, the
transition to predictive control based on 24 h LSTM temperature predictions, allowing pre-
cooling the chamber before the expected heats occur due to the introduction of ML into DEC
systems [23]) is the most conceptually important one. This strategy recorded R2 = 0.992 and
minimised the simulated waste by 65% within 10 days. Though a fundamental gap that is
common in all the studies of ML-based DEC is that humidity is neither a controlled variable
nor a variable followed. Leafy greens, the target produce of Roy et al., are very sensitive
to moisture-related rot, and a temperature-only control programme running inside the
high-humidity output environment of DEC is an incomplete solution to this produce group.
None of the reviewed DEC studies were found to have tested the performance of the ML
model at ambient RH above 50, implying that the overall body of literature of ML-DEC has
not been established to validate its performance in the most useful climatic conditions to
smallholder agricultural farming in tropical regions.

LoRaWAN deployment is the connectivity frontier of DEC since it resolves the ru-
ral connectivity gap that makes Wi-Fi impractical at scale [24]. The LoRa-based system
monitored 5 km at USD 176 and a 1.7-year payback; however, 12% packet loss during
monsoon rain, and the fact that the system cannot actuate (only monitor) means that the gap
between connectivity and real intelligence exists: [25] that obtains 20% water savings over
ON/OFF logic by continuously controlling fan speed. However, the oscillations around
the setpoint, which are such a common behaviour of the PID on nonlinear time-varying
systems, and the total inability to control the humidity even in a single variable PID, prove
that multi-objective requirements of produce-specific VPD management cannot be fulfilled
by a single-variable PID.

Combining the findings of all seven studies, two cross-cutting findings can be made.
To begin with, the cost and the level of control sophistication are in inverse proportion:
the least expensive and most time-proven DEC systems have the simplest control logic,
and the most sophisticated controllers are restricted to laboratory or simulation settings.
None of the reviewed articles reached a low cost (less than USD 200) and high level of ML
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or MPC in a field-tested DEC implementation—this is the edge that future DEC research
must reach. Second, the humidification limitation of DEC is not only a technical, but a
geographical one: it excludes not only the humid tropical climate of West Africa, but also of
the coastlines of South Asia and equatorial Latin America, the areas with the highest post-
harvest losses and the strongest desire to be able to cool the air inexpensively. This makes
such geographic exclusion coupled with the fact that all the reviewed ML-DEC systems
lacked humidity control, and as such, the DEC evidence base cannot be extrapolated
directly to the environment where it is most urgently required without fundamental design
modification. In Table 1, the summary of recent DEC advances has been provided.

Table 1. Recent advances in direct evaporative cooling (DEC) systems (2020–2025).

Type of EC Innovations and
Advantages

Validation
Approach Limitations Key Findings Study

DEC + IoT

Arduino-based
T/RH control;
solar fan; GSM

alerts

Lab: tomato
storage (4 →

12 days)
Fails at RH > 50%

∆T = 10–12 ◦C;
85% energy

savings
[26]

DEC + GSM
Low-cost (<USD
150); real-time

SMS alerts

Field: spinach in
Nigeria Humidifies air Shelf-life +133%;

payback: 1.2 years [15]

DEC + Wi-Fi Blynk dashboard;
PWM fan control

Lab: mixed veg
(7-day trial)

Limited to arid
zones

COP = 17; R2 (T
prediction) = 0.96

[22]

DEC + Solar PV-powered;
clay-coated pads

Field: tomatoes in
Nigeria Pad clogging ∆T = 9 ◦C; 78%

spoilage reduction [27]

DEC + ML LSTM-based T
forecasting

Sim + lab: leafy
greens

No humidity
control

R2 = 0.992; 65%
less waste

[23]

DEC + LoRa
Farm-scale

monitoring (5 km
range)

Field: Rajasthan,
India

Data loss in the
rain

Cost: USD 176;
payback: 1.7 years [24]

DEC + PID

Integration of
fuzzy logic with
PID control for
adaptive tuning

Performance
compared against
conventional PID

Increased
computational

complexity

Improved cooling
efficiency and
environmental

stability

[25]

All these reviews affirm that, though DEC is a developed, cost-efficient, and efficient
tool in arid areas, it has an intrinsic humidification constraint that restricts its use in
the humid tropics, where many high-value, nutritionally rich fruits such as the Andean
berry (Vaccinium meridionale) are cultivated. This highlights the urgency of placing
greater focus on IEC, M-Cycle, or hybrid systems to achieve greater climate resilience and
enhanced conservation of moisture-sensitive bioactive compounds. A summary of the
recent advances in direct evaporative cooling (DEC) systems is shown in Table 1.

The most significant constraint of DEC is that it involves a direct trade-off between
cooling and humidification. The process contributes substantial vapour to the air, which
may be dehydrating to most fruits and vegetables, increasing their susceptibility to fungal
development and physiological diseases in high-humidity environments [28]. Accordingly,
DEC performs best in hot, dry, and semi-arid conditions when air relative humidity is
consistently below 50% [29]. A corpus of several studies tested DEC for storing tomatoes,
onions, and potatoes in areas such as northern Nigeria and Rajasthan, India [26,30].
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3.2. Indirect Evaporative Cooling (IEC)

To overcome DEC’s humidity constraints, scientists have resorted to Indirect Evapora-
tive Cooling (IEC). The supply air (the air that passes on to the storage chamber) is cooled
in an IEC system without direct water contact. This is performed with a heat exchanger.
The evaporative process is performed by a secondary air stream (the working air). The
primary supply air is used as a heat source for the working air, which is then cooled by
evaporation. The cooled working air absorbs this heat, and the main airflow stream is
dry [31]. The concept of IEC is depicted in Figure 5.

 

Figure 5. Illustration of indirect EC [18].

This separation of cooling and humidification allows IEC to be used in far broader
climatic regions, such as humid tropical regions, where regulating humidity is as important
as regulating temperature for preserving produce [32]. The dew-point effectiveness of an
IEC system ηdp is commonly used to describe the performance since it is the ability to
cool the primary air to a temperature lower than the wet-bulb temperature, close to the
dew-point temperature.

ηdp =
Tdb,in − Tdb,out

Tdb,in − Tdp,in
(3)

where Tdp,in represents the dew-point temperature of the inlet air. Standard cross-flow IEC
systems typically achieve ηdp values of 40–60%. However, more advanced regenerative
counterflow IEC (RCF-IEC) designs can reach ηdp of 70–80% [33,34].

Whereas IEC addresses humidity, it is not as mechanically simple as DEC, only in that
it uses a heat exchanger and two separate air streams, which raise costs and maintenance
burdens in the early stages. It also has a generally lower COP than in DEC and is much
higher than that of conventional systems [35].

To ensure an efficient operation even in the presence of high-humidity tropical con-
ditions, ref. [21] have developed a hybrid design of an indirect evaporative cooling (IEC)
system with a silica gel desiccant wheel to precondition the ambient air before it gets
into the IEC unit. Its two-stage design is the fundamental innovation: the first phase is
the dehumidifier (which reduces RH to less than 50%), which massively increases the
evaporative potential of the IEC stage that follows. A laboratory test was carried out on
the system under simulated tropical climate conditions (T = 32 ◦C, RH = 75–85%). The
tests revealed a steady reduction in the temperature at 8–10 ◦C and dew-point effectiveness
(ηdp) of 65, which greatly exceeded the performance of standalone IEC in wet conditions.
Nevertheless, the system needs thermal energy to desiccate the regeneration system, which
complicates the operation and raises the energy requirement, usually electricity or solar
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heat. The weakness is that this dependency limits off-grid feasibility unless combined with
strong renewable energy sources, which were not discussed in the study.

Ref. [32] adopted a regenerative counterflow IEC (RCF-IEC) system controlled by
Model Predictive Control (MPC) to achieve accurate humidity control. The major inno-
vation is that MPC is a model-based constrained-optimisation strategy that dynamically
adjusts fan speed and water flow in anticipation of future conditions, rather than respond-
ing to existing errors. The system was confirmed through computational fluid dynamics
(CFD) simulations and a mini-scale laboratory model for storing moisture-sensitive produce.
The MPC controller reduced the Relative Average Deviation (RAD) of relative humidity by
76% compared to a standard PID controller, resulting in greater stability and responsiveness.
Although these profits were achieved, the entire cost of the system amounted to USD 550,
mainly due to the complexity of the RCF heat exchanger and the computational hardware
needed to run MPC, which is a bottleneck to the adoption of this system by smallholder
farmers in low-resource environments.

Ref. [36] developed a solar-thermal-based IEC-desiccant hybrid facility in rural Guang-
dong, China, where humid ambient air poses a challenge for conventional cooling tech-
niques. The innovation centres on solar thermal collectors rather than PV panels, which
can replenish the silica gel dehydrant, reducing grid dependency and enabling electricity
reuse. This system was field-tested over a full agricultural year, providing proof that it
can operate on zero grid energy and that the COP of 12 remains significant even after
the addition of the desiccant stage. This practice is most applicable to off-grid tropical
farms with high solar radiation. Nevertheless, high performance variability was observed
between seasons: cooling capacity reduced by up to 30% during cloudy monsoon months
due to insufficient thermal energy to regenerate the desiccants. This is where intermittency
underscores the need for hybrid energy storage (e.g., phase change materials) to ensure
year-round reliability.

Ref. [37] proposed a machine learning-based IEC that deploys a Long Short-Term
Memory (LSTM) neural network to predict temperature and relative humidity 24 h in
advance, enabling pre-emptive changes to the cooling cycle. The model was trained using
historical weather records and tested through a 30-day simulation under different tropical
conditions. It achieved a prediction error of R2 = 0.987 for both T and RH, enabling the
system to plan water and energy use scientifically in advance. This predictive ability
is a significant advancement over reactive control. Nevertheless, the model is costly
to train; at least 2 weeks of local weather data are required, which may not be readily
available in remote or data-scarce areas. The paper also lacked field validation and thus real-
world robustness; in particular, the effects of sensor noise or communication failures were
not tested.

Ref. [38] installed a LoRaWAN-based wireless sensor network to monitor and control
a group of IEC units over a 2 km area of a Colombian farm. The technology is low-power,
wide-area networking (LPWAN), which allows communication over long distances (scaling)
without using Wi-Fi or cellular systems. The system was field-tested during a 12-week
harvest, demonstrating the capability to monitor 10 storage nodes in real time. It had 92%
data reliability, and packet loss was only 8% in hilly terrain up to 2 km. This demonstrates
the feasibility of IEC systems for large or scattered farms. The latter, however, requires an
additional investment in a standalone LoRa gateway (around USD 200) and can only be
used for remote monitoring, not for remote actuation, so it cannot be used for closed-loop
intelligent control without other hardware.

Ref. [39] to store mangoes and keep the humidity optimum through the use of the
fuzzy logic control variable aims to regulate the fan speed based on linguistic principles
(e.g., “when RH is somewhat large, slow down the fan a bit, etc.”). The method helps deal
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with nonlinear, poorly modelled systems that lack accurate mathematical models. A 14-day
laboratory experiment with the system using fresh mangoes revealed that, compared to
ambient storage, the system’s shelf life increased by 90 days, with minimal weight loss and
decay. Fuzzy logic is also farmer-friendly, as it is resistant to sensor noise and generally
interpretable. Nevertheless, the rule base had to be manually tuned by a specialist, and the
performance of the system is susceptible to the quality of these rules; it cannot be easily
adapted to new types of produce or even new climates without re-engineering. No data on
energy or water saving were also reported, which makes the gains in efficiency ambiguous.

Ref. [40] investigated the use of bamboo charcoal as a bio-based evaporative media
in an IEC system, an alternative to cellulose or polymer pads. The product is centred
on sustainability in sourcing materials and a circular economy, as bamboo is plentiful,
renewable, and biodegradable in most tropical regions. A comparative lab study was
conducted on the system against commercial pads, with a dew-point effectiveness (ηdp) of
72%, comparable to synthetic media and less environmental footprint. The bamboo pads,
however, experienced physical degradation after 6 months of continuous use and had to
be replaced frequently, thereby cancelling the long-term cost savings. Microbial growth
or fouling was also not evaluated in the study, and this may be a concern with organic
media in a humid environment. However, this piece of work portends a bright future for
sustainable, locally produced IEC components.

Overall, these reviews show that the IEC systems can be moved towards hybrid,
intelligent, and sustainable designs, which can work under challenging humid conditions,
making them highly applicable to the preservation of high-value and moisture-sensitive
products, such as the Andean berry (Vaccinium meridionale), the polyphenolic compounds
of which are easily damaged in uncontrolled humidity [23,36,40]. Despite current chal-
lenges with costs, energy integration, and field robustness, IEC represents a critical tech-
nological transition from conventional evaporative cooling to the needs of contemporary
climate-resilient post-harvest management. A summary of the recent advances in indirect
evaporative cooling (IEC) systems is shown in Table 2.

Table 2. Recent advances in indirect evaporative cooling (IEC) systems (2020–2025).

Type of EC Innovations and
Advantages

Validation
Approach Limitations Key Findings Study

IEC + Desiccant Silica gel pre-drying;
RH < 50%

Lab: simulated
tropical

High energy for
regeneration

∆T = 8–10 ◦C;
ηdp = 65% [21]

RCF-IEC + MPC Model-predictive
humidity control

CFD + lab
validation Cost: USD 550 RAD (RH) is 76%

vs. PID [32]

IEC + PV Solar thermal
desiccant regen

Field:
Guangdong,

China

Seasonal
performance var.

Zero grid use;
COP = 12 [36]

IEC + LSTM Hourly T/RH
forecasting

Sim: 30-day
horizon

Needs 2 weeks of
data for training R2 = 0.987 [37]

IEC + LoRaWAN 10-node farm
network Field: Colombia Gateway cost Data loss: 8%

over 2 km [38]

IEC + Fuzzy
Logic

Rule-based RH
control

Lab: mangoes
(14 days)

Manual rule
tuning Shelf-life +90% [39]

IEC + Bio-pads Bamboo charcoal
media

Lab:
comparative

study
Pad life: 6 months ηdp = 72%;

eco-friendly [40]
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3.3. Maisotsenko-Cycle (M-Cycle) Evaporative Cooling

The seven M-Cycle studies included in the review are the uppermost level of per-
manence of the IECS evidence base and, at the same time, the most costly and the most
unexplored in the field. Cross-study analysis indicates three recurrent patterns: consistent
cost-performance trade-off, systematic simulation-field-performance differences, and a
repetitive trade-off between the sophistication of control and the reliability of sensors.

Ref. [20] used a 45-day trial of onion storage field with 12–15 as the DT, doubled shelf
life, and ηdp > 90◦ [41] reported COP = 19 and zero operational electricity cost in a 60-day
field test in Mexico with solar autonomy, but reported progressive battery degradation
that dropped the number of operating hours each day by 25% in the 60 days, ref. [42]
obtained 92% data reliability in five Himalayan farms in a LoRa network. Combined, these
3 field-validated papers are a characterisation of the realistic, significant, and substantial
performance range of deployed M-Cycle systems: real, substantial, and meaningful, but
with limitations concerning capital cost, long-term hardware reliability, and actuation
capability, which are not expressed in the simulation-based literature.

Compared to the two simulation-only studies, the gap between simulation and fields
is most evident. In ref. [43], the authors achieved 92% energy savings and 15% yield
improvement with a DDPG reinforcement learning controller values which are the hypo-
thetical optimum of M-Cycle RL control on ideal modelling assumptions. A reduction of
68% [44], model-plant mismatch decreasing controller performance by up to 30% during
unexpected disturbances to the ambiance, a result which directly measured the cost of
model uncertainty in practice. The practical issue identified by the comparison of the stud-
ies to the work that has been field-validated is the extent to which the simulated 92% energy
savings and 68% improvement of the RAD can be maintained when it comes to contact-
ing sensor noise, communication packet loss, battery degradation, and seasonal weather
variability. None of the reviewed studies has filled this gap with a simulation-to-field
comparative validation.

Ref. [45], which reports a 12% decrease in the LSTM prediction accuracy when realistic
measurement errors have been added to inputs. This result is important not only to M-Cycle
systems, but to the whole literature on ML-IECS: when deliberate noise injection in one
study reduced a state-of-the-art LSTM by 12%, the same result should be interpreted as an
indication that reported R2 values of 0.987–0.994 should not be expected to reflect realistic
deployment performance benchmarks. A humidity operating range that is already very
low (ηdp = 88% at 65% RH) [46], the humidity operating range of M-Cycle can be extended
to moderately humid conditions, although the added desiccant regeneration loop, extra
ducting and two independent control subsystems is a complexity level of maintenance
that, in the absence of on-site technical expertise, is a risk of systemic A summary of the
advances of M-Cycle is presented in Table 3.

Table 3. Recent advances in Maisotsenko-cycle (M-Cycle) systems (2020–2025).

Type of EC Innovations and
Advantages

Validation
Approach Limitations Key Findings Study

M-Cycle + IoT Solar-assisted;
ηdp > 90%

Field: Pakistan
(onions)

High capex (USD
370)

∆T = 12–15 ◦C;
shelf-life × 2 [20]

M-Cycle + RL
DDPG for
profit-max

control

Sim: greenhouse
model

No field
validation

Yield = 15%;
energy = 92% [43]
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Table 3. Cont.

Type of EC Innovations and
Advantages

Validation
Approach Limitations Key Findings Study

M-Cycle + PV
10 h/day

autonomous
operation

Field: Mexico Battery
degradation Zero opex; COP = 19 [41]

M-Cycle + LSTM
24 h

microclimate
forecast

Lab + sim Sensor noise
sensitivity R2 = 0.994 for T [45]

M-Cycle + MPC
Constrained

optimisation (T,
RH)

CFD + lab Model mismatch
risk RAD (T) = 68% [44]

M-Cycle + LoRa
Remote

monitoring in
the hills

Field: Himalayas Limited
connectivity

Data reliability =
92% [42]

M-Cycle + Desiccant Hybrid for
humid highlands

Lab: simulated
Nepal

System
complexity ηdp = 88% at RH 65% [46]

3.4. Hybrid Systems and Renewable Energy Integration

Hybrid IECS architectures address the limitations of single-technology systems by
combining complementary cooling and energy mechanisms. The two most prominent
strategies in the reviewed literature are desiccant pre-treatment and solar photovoltaic
(PV) integration.

In the desiccant-IEC hybrid approach, a silica-gel or solid desiccant wheel removes
moisture from the inlet air stream before it reaches the evaporative stage. This pre-drying
step dramatically expands the operational humidity envelope of EC, enabling effective
cooling in tropical environments where conventional EC is thermodynamically constrained.
Refs. [47,48] demonstrated this concept with a solar-thermally regenerated desiccant-IEC
system field-tested across a full harvest season in Colombia (mean ambient RH > 75%),
achieving a sustained ∆T of 9 ◦C with zero grid electricity, [49] extended the approach
further, attaining dew-point effectiveness of 85% at 80% [50] relying on passive vapour
diffusion rather than thermal desiccant regeneration—demonstrated ±3% RH control
accuracy in simulation, but membrane fouling under real farm conditions (dust, pollen,
microbial growth) remains an unresolved durability challenge requiring field validation.

PV integration converts IECS into autonomous, off-grid systems by eliminating depen-
dency on the grid. A solar-assisted M-Cycle system [41] sustained 12 ◦C storage conditions
for 10 h per day in a Mexican field deployment with zero operational energy cost, while a
fogging-augmented DEC system tested under extreme Omani desert conditions (T = 45 ◦C,
RH = 20%) achieved ∆T = 14 ◦C [51], though nozzle clogging from saline water presents a
practical constraint in the same arid environments where the system performs best.

Two further hybrid innovations connect post-harvest engineering to nutritional science.
Ref. [52] coupled IoT-monitored evaporative storage with osmotic dehydration for Andean
berry preservation, demonstrating a 30% reduction in pro-inflammatory biomarkers (IL-6,
TNF-α, IL-1β) in a 3-week clinical trial, though applicability is confined to high-value niche
produce. Colorado et al. [53] combined evaporative pre-cooling with nanoencapsulation
of berry anthocyanins in niosomes, achieving 50% higher bioactive retention in a murine
model; again, this targets nutraceutical ingredients rather than bulk fresh produce. A
biochar-based M-ref. [54] achieved 89% dew-point effectiveness in laboratory testing and
aligns with circular-economy principles by substituting synthetic cellulose pads with
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agricultural-waste-derived material, though batch-to-batch reproducibility at the village
scale remains to be demonstrated.

Collectively, these hybrid studies reveal a consistent trade-off pattern: performance
gains over single-technology systems are real and significant, but they are typically accom-
panied by higher capital cost, greater maintenance complexity, and limited field validation
outside the study environment. Table 4 summarises these advances.

Table 4. Recent advances in hybrid evaporative cooling systems (2020–2025).

Type of EC Innovations and
Advantages

Validation
Approach Limitations Key Findings Study

IEC + Desiccant + PV Solar regen;
zero-grid Field: Colombia High maintenance ∆T = 9 ◦C at RH 75% [47]

Osmo-EC + IoT For berry
preservation

Clinical: 3-week
human trial

Not scalable for
staples Inflammatory markers = 30% [52]

Desiccant + M-Cycle Dual-stage
cooling

Lab: extreme
humidity Capex: USD 620 ηdp = 85% at RH 80% [49]

IEC + Membrane
Humidity-
selective

membrane

Sim: membrane
efficiency

Membrane
fouling RH control ±3% [50]

DEC + Fogging Inter-stage
humidification Lab: Oman Desert Water quality

critical ∆T = 14 ◦C at 20% RH [51]

M-Cycle + Biochar Sustainable pad
material

Lab: material
testing

Production
scalability ηdp = 89%; eco-certifiable [54]

Hybrid + Niosomes For anthocyanin
preservation

In vivo: mouse
model

Not for the whole
produce Bioactive retention = 50% [53]

4. Sensing, Communication, and Data Acquisition Frameworks
The intelligence of an IECS is based on its ability to accurately sense its environ-

ment. This is performed through a layered architecture of sensors, microcontrollers, and
communication networks that constitute a Wireless Sensor Network (WSN).

4.1. Sensor Suite and Environmental Monitoring

The most observed variables in all the reviewed systems are temperature (T) and
relative humidity (RH). The literature is dominated by low-cost digital sensors: the most
commonly used sensor was the DHT22 (±0.5 ◦C, ±2–5% RH; price < USD 5), which is Ar-
duino/Raspberry Pi compatible and does not need much calibration [41–56]. Further migra-
tions included the BME280, which includes the barometric pressure measurement to enable
a better estimation of air density. The gas sensors (MQ-135 to detect ethylene/ammonia)
and light sensors (TSL2591 to monitor the solar irradiance) entered specialist use [57,58].

A derived variable that is increasingly being used is Vapour Pressure Deficit (VPD),
which combines T and RH into a single value of the drying power of air, more directly
related to produce transpiration rate, fungal risk, and weight loss than is the case with RH
alone [59]. VPD is calculated as follows:

VPD = es(T)− ea = 0.6108·exp
(

17.27·T
T + 237.3

)
·
(

1 − RH
100

)
(4)

where es(T) is the saturation vapour pressure (in kPa) at temperature T (in ◦C), calculated
using the Magnus formula, and ea is the actual vapour pressure. An optimal VPD range for
most stored fruits and vegetables is between 0.8 and 1.2 kPa [60]. An intelligent system can
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use real-time VPD as a control variable to maintain the ideal balance between preventing
excessive water loss and inhibiting microbial growth.

The main and not well-reported weakness of the sensor layer in the literature reviewed
is measurement uncertainty and long-term calibration drift. The implied ±2–5% RH
accuracy of the DHT22 means that compound uncertainties of up to ±0.15 kPa can be
propagated through the calculation of VPD, which is a nonlinear operation of T and RH,
which can be operated to ±0.15 kPa and still cause active response of the controller at the
ends of the 0.8–1.2 kPa control range, which is its usual operating range. The number of
reviewed studies reporting sensor calibration protocols was only three, and not one had
performed systematic uncertainty propagation analysis between sensor measurement and
reported shelf-life results. This is a serious methodological flaw that restricts performance
measure comparability across studies, and is addressed later in Section 7.2.

4.2. Microcontroller and Actuation

The microcontroller unit (MCU) processes sensor readings and dispatches commands
to actuators. The most popular platform was the Arduino Uno/Nano, which is simple
and low-cost [61]; the Raspberry Pi (n = 10) was used in cases where lightweight ML
inference or protocol handling were needed, and a full operating system was needed [52].
Variable-speed fan (controlled by PWM), water pumps (pad wetness control), and solenoid
valves are used in desiccant hybrid systems as primary actuators [62–64]. The control
logic has a simple threshold-based ON/OFF switching to the more advanced algorithms
mentioned in Section 5.

4.3. Communication Protocols and Cloud Integration

The reviewed deployments are dominated by three communication technologies,
each of which is indicative of a given connectivity context. Wi-Fi provides large data
rates (less than a minute sampling intervals) and simple connection to cloud solution
(ThingSpeak, Blynk, AWS IoT), but is limited to farms with good coverage by routers and
is quite power-hungry [65]. GSM/2G/3G is the most widespread and can be customised to
SMS-based notifications and regular uploads but requires continued expenditures on SIM
and data plans [66]. LoRa/LoRaWAN has become the standard of the agricultural IoT in
rural regions: it allows the use of multi-kilometre at milliwatt-level power consumption,
which is suitable in large farms and off-grid applications [67]. Even then, lack of standard-
ised application-layer protocols between these technologies brings about interoperability
challenges that are today blocking multi-farm or regional data integration.

5. Intelligent Control Strategies and Machine Learning Integration
The shift from a smart to an intelligent system occurs at the control strategy level. This

is where raw sensor data is converted into meaningful action to achieve a desired effect.

5.1. From Simple Logic to Advanced Control

The least complex control method is ON/OFF control. The system contains a single
setpoint, such as 12 ◦C. When the temperature measured exceeds the setpoint, the fan is
switched ON at 100% speed. When the temperature drops below the setpoint, the fan is
switched OFF. Though easy to apply, the strategies cause significant oscillations around the
setpoint and are inefficient [68].

The more advanced methodology is the Proportional-Integral-Derivative (PID) con-
troller, which is an industrial control workhorse. A PID controller compares a desired
setpoint with the measured process variable and compares them to compute an error value,
which is then corrected by proportional, integral, and derivative quantities of the error [69].
It offers smoother control than ON/OFF and can also be adjusted to reduce overshoot
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and settling time. Nevertheless, PID controllers are designed for linear, time-invariant
systems and struggle with the highly nonlinear, time-varying, and coupled dynamics of a
greenhouse or storage chamber, where temperature and humidity are interdependent [70].

5.2. Model Predictive Control (MPC)

To address this complexity, researchers are increasingly considering Model Predictive
Control (MPC). MPC is a complex control policy that uses a mathematical representation
of the system to forecast its future evolution over a limited time period. At each control
interval, it optimally solves a control-input problem to determine the control-input sequence
that optimises a cost function (e.g., tracking error, energy use) without violating system
constraints (e.g., maximum fan speed, minimum humidity) [71].

The overall expression of the MPC optimisation problem is given as follows:

min
uk

J = ∑Np
i=1

∥∥∥yk+i|k − rk+i

∥∥∥2

Q
+ ∑Nc−1

i=0 ∥∆uk+i∥2
R (5)

Subject to following:
xk+i = f

(
xk,uk

)
xk ∈ X , uk ∈ U

where
uk is the vector of control inputs (e.g., fan speed, pump rate) at time k.
yk+i|k is the predicted output (e.g., temperature, humidity) at time k + i, given the

current state at the time k.
rk+i is the reference trajectory (desired setpoint).
Np and Nc are the prediction and control horizons, respectively.
Q and R are positive semi-definite weighting matrices that penalise tracking error and

control effort, respectively.
f (·) is the system model (which can be linear or nonlinear).
X and U are the sets of state and input constraints.
The most crucial benefit of MPC is its proactive, constraint-conscious approach. It not

only reacts to existing errors but also predicts future disruptions (e.g., an expected increase
in ambient temperature) and acts on them. This literature review has revealed that MPC
can reduce the relative average deviation (RAD) of temperature by more than 60% and the
relative average deviation (RAD) of humidity by more than 75% compared with traditional
open-loop or PID control [72,73]. It may also directly reduce energy use as an operating
cost, resulting in significant operational savings [43].

5.3. Machine Learning for Prediction and Optimisations

MPC needs a proper system model, which may be hard to obtain, but Ma-
chine Learning (ML) provides a data-driven alternative. ML algorithms can learn the
complex input-output dynamics of the system without necessarily understanding the
underlying physics.

a. Prediction: ML is widely used to predict future conditions of the microclimate. RNNs,
along with more advanced variants such as Long Short-Term Memory (LSTM) and
Gated Recurrent Units (GRU), are exceptionally well-suited to time-series prediction.
They will be able to acquire long-term dependencies in the data, i.e., daily and
seasonal. Several studies have reported that LSTM models can predict the next
6–24 h of greenhouse temperature and humidity, with R2 values above 0.99 [74,75].
These projections can be input to an MPC controller to enhance its performance or to
inform the farmer about potential future issues.
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b. Control and Optimisation: ML can be applied to control and to learn the optimal
control policy, in addition to prediction. Reinforcement Learning (RL) falls under the
paradigm in which an agent learns to take actions in an environment to maximise
cumulative reward. Within the framework of an IECS, the agent (the controller)
receives a state (sensor readings) and must select an action (fan speed, etc.). It is
rewarded based on performance (e.g., high reward for maintaining an ideal VPD, low
reward for high energy consumption). In the long run, the agent develops a policy
that tells it how to respond to states to maximise its long-term reward [76]. In a study
by [77], a Deep Deterministic Policy Gradient (DDPG) RL algorithm was applied
to the control of a simulated greenhouse and demonstrated that it could discover a
more profitable and energy-efficient strategy than a hand-tuned MPC controller. RL
is especially effective at solving complex, multi-objective problems in which a single
cost function cannot characterise the trade-offs.

The combination of ML and control is giving rise to a new breed of self-learning,
adaptive IECS that can improve its performance over time. Therefore, it is indeed an
intelligent ally in combating post-harvest loss.

6. Performance Metrics, Economic Viability, and Sustainability
An IECS needs to be efficient at the scale level, not only technically, but also economi-

cally and environmentally sustainable.

6.1. Technical Performance

The technical performance of IECS is always outstanding, as shown in Table 5. In the
reviewed studies, the ambient temperature decrease (∆T) ranged from 8 ◦C to 15 ◦C, with
an average of 11.2 ◦C. It is enough to stabilise the storage temperature of most perishables
within the optimal range (e.g., 10–15 ◦C for tomatoes). Well-designed systems generally
have a cooling effectiveness (ηwb or ηdp) in excess of 75%.

Table 5. The technical performance of IECS.

System Type Climate
Context ∆T (◦C) Effectiveness

(η) COP Energy Shelf-Life Extension References

DEC + IoT Hot-Arid
(Nigeria) 10–12 ηwb = 85% 18 85% Tomatoes: 4d → 12d

(+200%) [26]

Solar DEC + ML Semi-Arid
(India) 9–11 ηwb = 80% 16 80% Leafy greens: 65% less

spoilage [23]

M-Cycle + IoT Hot-Arid
(Pakistan) 12–15 ηdp = 92% 16 90% Onions: 14d → 28d

(+100%) [20]

IEC + Desiccant
Humid-
Tropical
(China)

8–10 ηdp = 65% 0.35 75% Not reported [21]

DEC + GSM Savanna
(Nigeria) 8–10 ηwb = 75% 15 78% Spinach: 3d → 7d

(+133%) [15]

M-Cycle + RL Simulated 13–16 ηdp = 95% 19 92% Simulated yield +15% [77]

DEC + IoT Hot-Semi-Arid
(India) 9–11 ηwb = 82% 17 82% Not reported [30]

The final measure is the shelf life effect. Research had indicated that a range of produce
had their shelf-life increased by 50–100%. For example, tomatoes stored in an IECS had a
shelf life of 10–12 days in ambient conditions, compared with 4–6 days [26]. Spinach and
lettuce, leafy greens, showed 60–70% spoilage reduction within 7 days [23].
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6.2. Economic Viability

The economic argument IECS makes is also absolute, more so than that of traditional
cold rooms. An IECS can be split into two components of the total cost, namely the physical
cooler and the IoT intelligence layer.

The materials (pads, fan, frame, water tank) used to construct the physical cooler can
be obtained at USD 50–150, and are locally accessible [78].

The IoT layer (sensors, MCU, communication module) was found to cost as little as
USD 76, which is a small part of the cost of commercial monitoring systems [30].

The first economic advantage is the decrease in post-harvest losses. With increased
shelf life, farmers can dispose of their products at a loss during gluts and capture higher-
value markets. The second advantage is that energy costs are drastically reduced. IECS use
75–90% of the electricity of a similar vapour-compression refrigerator [21,79]. In the case of
a solar-powered system, electricity costs are nonexistent.

Such savings will give a very short payback period- the time it will take to recover
the initial investment through the savings. We have reviewed the payback periods of the
DEC systems, with average payback periods of 1.2 to 2.5 years, and more complex IEC or
hybrid systems, with payback periods of 2.5 to 3.5 years [80,81]. This is an excellent payoff,
especially given that the life span of these systems is expected to be 5–10 years, making
it especially attractive to smallholder farmers. The economic viability analysis of IECS is
depicted in Table 6.

Table 6. The economic viability analysis of IECS.

Physical
Cooler

Cost (USD)

IoT/Intelligence
Cost (USD)

Total Cost
(USD)

Payback
Period

Power
Source

Communication
Protocol

Primary
Produce
Tested

References

90 70 160 1.5 years Grid + Solar Wi-Fi Tomatoes [26]

120 85 205 1.8 years Solar PV GSM Spinach,
Lettuce [23]

250 120 370 2.1 years Solar PV LoRaWAN Onions,
Potatoes [20]

400 150 550 3.0 years Grid Wi-Fi Simulated [21]

80 65 145 1.2 years Grid GSM Spinach [15]

100 76 176 1.7 years Grid LoRa Mixed
Vegetables [30]

There are three economically viable models, which should be prioritised in further
research and policy formulation. The first are cooperative cold-hub models, where a
group of smallholder farmers jointly own and share a single IECS that serves a group
of farms, with a collective PV-powered IoT cold storage unit being curated to accrue an
average market behaviour of a 2.05× average return on investment (ROI) over three years,
with participating farmers achieving a market price an average of 22 percentage points
higher than non-participating households [82]. Second, pay-as-you-go (PAYG) and so-
called Equipment-as-a-Service (EaaS) models, whereby technology solutions are leased by
the provider, and micro-payments are paid based on the generation of sales, have been
proven scalable to the solar power business sector in Kenya, Tanzania, and Nigeria, and
reflect a directly transferable model of IECS deployment [83]. Third, development finance
and instruments of public subsidy, such as agricultural technology vouchers, national
subsidy schemes on agricultural mechanisation, and blended finance by institutions like
the International Finance Corporation (IFC) and the African Development Bank (AfDB)
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are beginning to be created in these ways: to include digital and precision agriculture
technologies; and IECS must be explicitly included inside these programmes [83].

Further studies should, therefore, not limit themselves to reporting the costs and
payback periods of the system with the idealistic single-farmer assumptions. We suggest
the systematic TCO analyses, including (i) the maintenance and consumable replacement
costs (pad-media, sensor, pumps, etc.) across a 5–10-year operation period; (ii) the financial
modelling of the scenarios at different subsidy conditions, cooperative levels, and the crop
value chains; and (iii) the income-elasticity evaluations to ascertain the minimum viable
market price premium required to break even under different LMIC income strata. Only in
this way, using such granular economic modelling, actionable deployment pathways can
be advised with certainty.

6.3. Environmental Sustainability

IECS are clearly winners when it comes to the environment. Their energy consumption
is also low, which directly translates into a reduced carbon footprint. LCAs have demon-
strated that EC systems use a quarter to half the total climate impact of vapour-compression
systems, owing to their lower operating energy and the fact that EC systems do not use
high-GWP refrigerants [84].

Also, under solar energy, IECS is a net-zero-emissions technology. They are also
efficient in water use. Although they do use water for evaporation, it is a trifle price
to pay compared with the gigantic savings in water from food waste (it requires about
1000 L of water to produce 1 kg of tomatoes) [85]. Smart control systems can also make water
utilisation even more efficient, controlling water use to the exact demand and directing it
to evaporation to avoid waste.

In short, IECS have a unique triple bottom line: they work technically to preserve food,
are economically viable for small-scale farmers, and are environmentally sustainable for
the planet.

7. Critical Challenges and Research Gaps
Despite the significant progress, several challenges and gaps must be addressed for

IECS to achieve its full potential.

7.1. Climate Limitations and System Robustness

The greatest challenge lies in EC’s climate dependence. Although the M-cycle and
hybrid systems have expanded the range of possible climates, EC behaviour remains
highly unsatisfactory in hot, humid environments (e.g., coastal tropical). It requires further
research on sound system designs in such challenging environments.

Maintenance and system robustness are also issues. Evaporators may become
plugged by hard-water mineral deposits or biofilm and lose their ability to operate ef-
fectively. The sensors may drift or fail over time, particularly in humid, dusty farm
conditions. The systems to be used in the future must be easy to maintain and possess
self-diagnostic capability.

The thermodynamic foundation behind this challenge should be explicitly stated. The
wet-bulb depression (the difference between the dry-bulb ambient temperature and the
wet-bulb temperature) controls the evaporative cooling performance and is only controlled
by the ambient relative humidity (RH). In dry conditions (RH < 30%), this contraction may
be more than 15 ◦C, so much higher cooling can be achieved commercially. In warm-humid
climates, such as coastal West Africa, Southeast Asia, and equatorial South America, which
have the fastest rates of post-harvest loss of LMICs, ambient RH is routinely above 70 to 85,
with a collapse of wet-bulb depression to 35 ◦C, and in extreme cases, ambient RH has been
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reported to surpass 100. A 2024 modelling study over Chinese humidity zones established
that the energy and cost efficiency of ECs failed in long-term humid conditions, with IEC
systems in the high-humidity zones running in mechanical refrigeration mode over up to
60% of the annual operating hours compared to less than 20% of the operating hours in
arid zones [86].

This thermodynamic fact directly and insufficiently reflects on the performance of
machine learning models. All the top-performing ML models that were examined in this
paper, the LSTM, GRU, and tree-based ensemble models, that reported R2 scores over
0.98, were all trained, validated, and tested in arid or semi-arid conditions (Nigeria, India,
Pakistan, northern China). These models train the statistical associations among ambient
temperature, humidity, actuator conditions, and microclimate performance using the data
distributions that are limited to low-RH environments. In situations where the input feature
space changes significantly and in a systematic fashion (when the model is deployed in
high-humidity conditions), the nonlinear correlations between humidity and temperature
that the model has learned to serve should not be performed; the variance of the target vari-
ables varies, and the strategies to change control suggested by the model actively become
counterproductive. A study that created an ANN-based model of performance prediction
of a regenerative indirect evaporative cooler explicitly stated that inlet humidity was the
most influential input variable, and model prediction performance declined significantly
in high-humidity input regimes, which points directly to the inherent sensitivity of data-
driven models to the ambient humidity regime at which they are trained [87]. Moreover,
a test of passive evaporative cooling on tropical hot and humid climates concluded that
the performance of the system and the effectiveness of the control strategy changed signifi-
cantly with seasonal changes in the humidity, and it is necessary to have climate-stratified
validation protocols [88].

7.2. Data Quality, Experimental Uncertainty, and Reliability of Reviewed Evidence

The problem of data quality and experimental rigor is a cross-cutting challenge that
affects the reliability and comparability of findings across the reviewed literature, and it
deserves more direct treatment than most studies in this field have given it [55].

At the sensor measurement level, the DHT22 sensors used in the majority of reviewed
systems carry a rated humidity accuracy of ±2–5% RH. Because VPD is calculated from the
product of T and RH through the nonlinear Magnus formula (Equation (4)), this sensor-level
uncertainty propagates into compound VPD uncertainties of approximately ±0.12–0.18 kPa
under typical mid-range conditions. Given that the optimal VPD target for stored produce
is 0.8–1.2 kPa, this uncertainty band, representing up to 15–22% of the total target range—is
sufficient to produce incorrect control decisions near the setpoint boundaries. Some of
the studies reviewed reported explicit sensor calibration procedures, and none conducted
uncertainty propagation analysis from raw sensor data through to reported performance
metrics such as ∆T, shelf-life extension, or cooling effectiveness. This omission means that
reported performance differences between studies may partly reflect sensor calibration
heterogeneity rather than genuine system design differences.

At the experimental design level, reliability varies substantially across the reviewed
corpus. Of the total studies, 28 were conducted in field environments, 12 in laboratory
settings, and 5 relied entirely on simulation or modelling. While field studies offer higher
external validity, 19 of the 28 field studies were conducted over a single growing sea-
son or a period of fewer than 90 days, limiting the ability to draw conclusions about
seasonal robustness, year-to-year variability, or long-term pad and sensor degradation.
Only 6 studies reported the use of replicated experimental units; the remainder reported
single-system measurements, making it impossible to distinguish systematic performance
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from run-to-run variability. Control groups or baseline comparisons (e.g., ambient storage
without EC) were present in 24 studies, a commendably high proportion, but the defi-
nition of the “control” condition varied, with some using ambient outdoor storage and
others using uncontrolled indoor storage, reducing cross-study comparability of shelf-life
extension claims.

At the wireless communication reliability level, packet loss and connectivity gaps
represent a particularly underreported source of data quality degradation. Rural Wi-Fi
and GSM networks are subject to power outages, atmospheric interference, and equipment
failure. Ref. [38] reported 8% data loss over a 2-km LoRaWAN link in Colombia during
rain events, and [30] reported connectivity interruptions during the monsoon season that
introduced gaps of up to 6 h in the monitoring record. Most studies, however, did not
report packet loss rates at all, and none conducted a formal analysis of how data gaps
affected the performance of ML-based control or prediction systems, a critical omission
given that LSTM and similar sequential models are known to degrade significantly when
trained or operated on temporally gapped time-series data.

At the ML model evaluation level, there is a widespread tendency to report training-
set or cross-validation R2 values (commonly ≥ 0.98) without reporting performance on
held-out temporal test sets from different seasons or environmental conditions [89]. This
risks overfitting optimism: a model achieving R2 = 0.994 on data from a single dry-season
field deployment may perform substantially worse when deployed in a different season or a
climatically different location. Only few of the 19 ML-based studies reviewed reported out-
of-sample validation on data from a different time or location, and none tested cross-climate
transferability explicitly.

These combined limitations including sensor uncertainty, short study durations, lack
of replication, unreported data loss, and narrow ML validation, constitute a methodological
maturity gap that the field must address for IECS performance claims to serve as reliable in-
puts to policy, investment, and deployment decisions. Future work should adopt minimum
reporting standards including: (i) explicit sensor calibration and uncertainty quantification;
(ii) study durations spanning at least two growing seasons; (iii) replicated system mea-
surements with variance reporting; (iv) packet loss rates and data imputation strategies
for wireless systems; and (v) temporal out-of-sample ML validation with disaggregated
performance by season and climate condition.

7.3. Systemic and Interdisciplinary Gaps

One of the largest gaps is the unification of the Ag-IoT platform and protocol standards.
The existing environment is a maze of proprietary and open-source solutions that create
barriers to interoperability and scalability [90]. This would accelerate innovation and
adoption by developing open standards.

Lastly, more holistic sustainability assessments are required. The majority of studies
focus on a single metric (e.g., energy savings). The Food–Energy–Water (FEW) nexus ap-
proach should be adopted to comprehensively assess the systemic effects of implementing
IECS at scale in future work [91].

The existing state of the Ag-IoT protocols has been shown to be broken at several
exponentially increasing layers that block regional interoperability. On the physical and link
layer, the studies of reviewed IECS applications adopt at least five radio access technologies,
which are incompatible with each other (Wi-Fi, GSM/2G/3G, LoRa/LoRaWAN, Zigbee,
and NB-IoT) and none of which is natively interoperable with any other. Application
layer Data out of any particular sensor node can be structured to be sent through MQTT,
CoAP, AMQP, or plain HTTP/REST at the application layer, depending on the desire of
the implementing developer, that is to say, data interchange between a LoRaWAN-based
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humidity sensor deployed by a particular research group or commercial vendor and a
cloud analytics platform built with MQTT cannot be achieved directly without proprietary
or custom-written middleware. On the semantic layer, which is the most crucial level and
the least discussed layer, even between devices sharing the same protocol, the semantics of
the values represented by their data fields is not standardised: one system might report
the temperature in Celsius as a floating point number with a field name Tc, another as an
integer in tenths of a degree with a field name tempraw, and thus data integration in such
a system cannot be performed automatically. In an Agriculture review of IoT standards
in precision agriculture of 2025, this was formally described as a semantic interoperability
deficit and identified as the major bottleneck to the consolidation of multi-source, multi-
crop, multi-platform Ag-IoT data at the regional level [92].

This disintegration has tangible implications for the regional scalability of IECS. A
producer cooperative that uses IECS units purchased under three research prototypes or
commercial providers cannot integrate their storage monitoring data into a single regional
dashboard to use in extension services, market coordination, or food safety traceability
without specialised integration effort, which is well beyond the technical and financial
capability of any rural agricultural institution. At national and regional scales, the failure
to pool IECS data across farms does not allow the creation of such a post-harvest loss
surveillance and pre-emptive measures as policymakers would want to see in order to
justify investments in cold chain infrastructure.

7.4. Self-Diagnostic Capabilities and Maintenance Simplification

In addition to fundamental system robustness, the literature is also becoming aware
that the maintenance accessibility issue, i.e., the impossibility of a rural smallholder farmer
to diagnose and correct system faults without expert technical assistance, represents a
systemic problem of deployment that is distinctive as well as at least as important as capital
cost. Even in successful instances where an IECS has been purchased, frequent failure
modes such as sensor drift due to biofilm settlement on the DHT22 probes in moist areas,
pump blockage due to mineral scaling in hard water, pad media erosion, and Wi-Fi or
LoRa gateway failures can cause weeks to go by without the farmer being able to diagnose
and remedy it on their own. This issue is further exacerbated by proprietary hardware
architecture that is forced to use vendor-specific calibration tools and non-locally available
spare parts. The engineering solution to this predicament is the principle of maintainability
by design: the conscious inclusion of self-diagnosis, guided maintenance, and modular
hardware replaceability as first-class system requirements, which is equally important as
cooling performance and energy efficiency.

The recent Agricultural IoT sensor fault diagnosis developments prove that it is an
engineering problem that is solvable. In 2023, a critical review of Ag-IoT fault diagnosis
published in Sensors (MDPI) identified that anomaly detection by using ML-based methods,
as well as statistical signal processing, may allow identifying the sensor drift, stuck-at faults,
and system failure occurrences in real-time without any human intervention, leading the
system to reach a degraded-but-functional safe mode and send a specific fault notification
to the farmer or even a remote extension worker [93]. Most importantly, these self-diagnosis
systems also spare the use of specialist technicians to diagnose the faults at the first line,
only requiring human intervention at any stage by replacing the physical component with
a simple, ideally designed modular spare part.

8. Conclusions and Future Research Directions
This systematic literature review has charted the ever-changing nature of smart evapo-

rative cooling systems for preserving post-harvest fruit and vegetable products. We have
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demonstrated that, by combining modern EC technologies (IEC, M-Cycle) with internet-of-
things sensing and intelligent control (MPC, ML), highly effective, low-cost, and sustainable
alternatives to traditional cold chains can be developed.

We suggest a four-tier integrated structure of next-generation IECS:

1. Physical Layer: A climate-adaptive EC core, modular (e.g., M-Cycle in dry climate),
which is constructed of durable and low-maintenance materials, powered by solar.

2. Sensing/Actuation Layer: A high-performance WSN with sensor fusion to pro-
vide high accuracy and reliability, and actuators that operate slowly to provide
fine-grained control.

3. Data/Communication Layer: Data/Communication is a hybrid communication archi-
tecture based on LoRa to communicate field data over long distances at low power
consumption, Wi-Fi to communicate with the cloud over high-speed connections, and
edge computing to provide local autonomy.

4. Intelligence/Control Layer: A hybrid AI controller, which incorporates the constraint-
handling of MPC with the adaptive learning of RL, with transparency being aided by
the XAI.

8.1. Implications for Smallholder Farmers

The potential implications of IECS for smallholder farmers in LMICs are structural
rather than incremental. A tomato farmer who can extend shelf life from 4 to 6 days to 10 to
14 days gains the ability to defer sale beyond the harvest-day price trough, a market timing
advantage that can, on a single crop cycle, convert a distress-sale transaction at 30–50% of
peak price into a transaction at or near peak price. The economic arithmetic of this shift is
more transformative than the payback-period tables suggest: it is not merely a return on a
capital investment but a change in the farmer’s negotiating position relative to middlemen,
a reduction in the coercive urgency of harvest-day sales, and a mechanism for accessing
urban premium markets that are currently inaccessible because of perishability constraints.

This potential is, however, conditional on resolving access barriers that the re-
viewed literature has not adequately addressed. Even the lowest-cost field-validated IECS
(USD 145) represents a capital requirement equivalent to several months of net income
for the most food-insecure smallholder households in sub-Saharan Africa and South Asia.
Individual ownership models are therefore insufficient as the primary deployment path-
way. Cooperative cold-hub ownership models, in which a single IECS serves a cluster of
5–20 farmers sharing capital cost and maintenance responsibility, reduce the per-household
barrier to below a single season’s incremental income improvement from reduced losses.
Pay-as-you-go and Equipment-as-a-Service financing models which are already proven at
scale in the solar energy sector across East and West Africa are directly transferable to IECS
and represent the most likely near-term pathway to smallholder access at scale. Develop-
ment finance institutions and national agricultural mechanisation subsidy programmes
should be encouraged to incorporate IECS explicitly within their financing frameworks,
recognising affordable post-harvest cooling as cold chain infrastructure rather than as
discretionary farm equipment.

The geographic conditionality of current evidence is equally important to acknowl-
edge in the context of smallholder implications. The farmers who stand to gain most from
IECS; those experiencing the highest post-harvest losses in humid coastal and equatorial en-
vironments are precisely those for whom the existing evidence base, drawn predominantly
from arid Nigeria, India, and Pakistan, is least directly applicable. Closing this gap is not
merely a scientific priority; it is a matter of equity in who benefits from the technology.
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8.2. Implications for the Food-Energy-Water (FEW) Nexus

IECS occupy the intersection of all three FEW nexus dimensions simultaneously, and
this embeddedness generates both synergies and trade-offs that the current literature has
not evaluated in an integrated framework.

On the food dimension, the direct contribution is well-evidenced: shelf-life extension
of 50–200% per unit reduces the fraction of harvested produce that is lost before reaching
the consumer, improving caloric and micronutrient availability per unit of agricultural
land and labour input. At the system level, if IECS deployment reduces post-harvest losses
by even 20% across a regional smallholder vegetable supply chain, the food equivalent
recovered without any increase in land use, water input, or agricultural labour represents a
meaningful contribution to SDG 2 (Zero Hunger) that is both quantifiable and cost-efficient
relative to production-side yield improvement investments.

On the energy dimension, the 75–90% operational energy savings over vapour-
compression refrigeration are only fully realised when IECS are powered by solar PV.
Grid-connected systems in LMICs with coal-dependent or unreliable electricity supply
carry a higher effective carbon intensity per unit of cooling delivered than the system-level
energy efficiency figures suggest. The combination of solar PV and IECS is therefore simul-
taneously a cost reduction strategy, a carbon mitigation strategy, and an energy security
strategy, avoiding HFC refrigerant emissions, indirect grid-carbon emissions, and depen-
dence on grid infrastructure that is unavailable or unreliable in the rural contexts where
IECS is most needed. However, the embodied energy of PV panel manufacturing, battery
replacement cycles (documented to begin degrading within 60 days in [41]), and electron-
ics disposal have not been incorporated into any reviewed life-cycle assessment, mean-
ing that the net-zero-emissions characterisation of solar IECS is currently asserted rather
than demonstrated.

On the water dimension, evaporative cooling is a water-consuming process by defini-
tion. A standard active DEC system evaporates approximately 1–3 L/h of operation. In
regions where, post-harvest losses and agricultural water scarcity are co-located stressors,
semi-arid sub-Saharan Africa, the Andean highlands, rain-shadow zones of South Asia,
deploying IECS without a water budget analysis risks exacerbating local water stress.
The countervailing argument that the volume of water embodied in the produce saved
through reduced post-harvest loss (approximately 214 L/kg for tomatoes, 322 L/kg for
leafy greens from published crop water footprint factors [85]) far exceeds the operational
water consumed by the IECS is compelling in principle but has not been quantified em-
pirically in any reviewed study. No reviewed study reported daily water consumption
per kilogram of produce stored as a standard performance metric, and none conducted a
Water Footprint Assessment or integrated FEW trade-off analysis. This is the single most
significant gap between the current state of IECS evaluation and the evidence standard
required for regional cold chain infrastructure investment decisions.

8.3. Priority Future Research Directions

Building on the synthesis, qualifications, and implications above, five specific and
IECS-targeted future research directions are identified. These are stated with the precision
required to guide experimental design and resource allocation, rather than as general
thematic aspirations.

a. Multi-climate ML validation with mandatory humidity stratification: All high-
performing ML models in the reviewed literature were trained and validated ex-
clusively in arid or semi-arid environments (ambient RH < 55%). Future studies
must conduct field validation spanning at least two climatically distinct zones, one
with ambient RH consistently below 50% and one with RH consistently above 70%
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with model performance reported separately by humidity stratum, not as a single
aggregate statistic. Transfer learning studies should determine the minimum volume
of local data from a humid deployment site needed to fine-tune an arid-trained LSTM
to R2 > 0.95 at RH > 70% without full retraining. Additionally, all sequential ML
models must be evaluated against deliberate temporal data gaps of 1–6 h representing
realistic rural communication outages to characterise prediction degradation under
incomplete time-series inputs. These protocols are directly motivated by the 12%
accuracy degradation under sensor noise injection documented by [45] and the 8%
LoRaWAN packet loss under rain reported by [38].

b. Cost-disaggregated economic modelling across LMIC ownership scenarios: Reported
payback periods of 1.2–3.5 years assume aggregated capital costs and individual
farm ownership. Future economic studies must disaggregate costs into four compo-
nents: initial capital (hardware, installation), recurrent consumables (pad media every
6–12 months, pump seals, battery replacement at 2–3 years), maintenance labour
(hours per month, costed at local wage rates), and opportunity cost of downtime
during system failure. These disaggregated figures must be modelled across indi-
vidual, cooperative (5–20 farmer cluster), and EaaS ownership scenarios, reporting
the break-even collective harvest volume at which each model becomes financially
self-sustaining relative to distress-sale baseline incomes. Such analysis would provide
extension services and development finance institutions with a deployable threshold
metric for LMIC IECS investment decisions, a practical output that no reviewed study
currently provides.

c. Open-protocol IECS reference architecture with field-validated interoperability: Proto-
col fragmentation across the reviewed literature, five incompatible radio technologies
and at least four application-layer protocols cannot be resolved by recommendation
alone. Future work must develop and publish an open-source IECS reference archi-
tecture, comprising hardware bill of materials, firmware, and cloud integration layer,
built on LoRaWAN at the network layer and MQTT with a standardised JSON seman-
tic payload schema at the application layer. This architecture must be field-validated
by at least two independent research groups in geographically distinct deployments,
demonstrating that sensor data from one group’s nodes can be ingested and pro-
cessed by the other group’s cloud platform without bespoke middleware. Mandatory
payload fields should include: sensor type and calibration date, packet loss rate per
24-h period, ambient RH at time of reading, produce type and storage volume, and
actuation state, the minimum metadata required for cross-study comparison and
regional data aggregation.

d. Self-diagnosing, farmer-maintainable IECS design with field-validated serviceability:
The absence of on-site technical expertise in rural LMIC deployments means that
system maintainability is a first-class design requirement, not an afterthought. Future
engineering research should target three specific outcomes: (i) plug-and-play sensor
pods with factory calibration that require only physical replacement as a maintenance
action, validated by a standardised 30 min maintenance drill conducted by a non-
technically trained farmer; (ii) edge-AI anomaly detection algorithms that identify
DHT22 sensor drift (>3% RH baseline shift), fan motor current deviation (>15%
from nominal), and pump blockage (<80% nominal flow) before failure, triggering
targeted SMS alerts to farmers and extension workers; and (iii) a pictogram-based
mobile diagnostic interface, designed without assumption of technical literacy, whose
effectiveness in guiding correct fault isolation is validated through structured usability
testing with smallholder farmers in at least two LMIC field sites.
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e. Integrated FEW nexus accountings as a mandatory IECS reporting standard: Every
IECS deployment consumes water, consumes or generates energy, and delivers food
system benefits, yet no reviewed study reports all three flows simultaneously in a com-
mon framework. Future studies should adopt the following as standard co-reported
performance metrics alongside ∆T and shelf-life extension: daily water consumption
per kilogram of produce stored (L/kg·day), measured directly from pump flow logs
rather than estimated from evaporation theory; net energy balance over the study
period, including both operational consumption and for solar-powered systems—PV
panel embodied energy amortised over panel lifetime; and food-equivalent water
savings, calculated as the volume of irrigation water whose output is preserved by the
reduction in post-harvest loss, using published crop water footprint factors. Adopting
these three metrics as a reporting standard across five years of IECS publications
would generate the evidence base for the first regional-scale FEW nexus trade-off
analysis of cold chain infrastructure investment, the most important missing input for
policymakers currently making decisions based on single-metric studies.

f. Public adoption of application-layer protocols: Open, royalty-free application-
layer protocols either MQTT with structured JSON semantic payloads, or the
oneM2M/OM2M horizontal platform framework must be the default requirement
of all publicly funded projects based on IECS research and deployment. Indeed, the
LoRaWAN specification developed by the LoRa Alliance provides a well-adopted
and interoperable LPWAN standard already at the network layer [42]; integrating
it with application-layer semantics standardisation would complete the final inter-
operability gap. A 2024 study of LoRaWAN-based smart agriculture systems in a
fruit and vegetable environment verified that integration of LoRaWAN with open
MQTT brokers allowed easy, multi-vendor sensor interoperability into a shared cloud
analytics platform devoid of custom middleware [94].

This review has determined that IECS are not a far-fetched research dream but are
a current and deployable technology with an evidence base that is strong, the economic
argument against them against alternatives available in the LMIC is favourable in principle,
and their environmental performance is strong in principle even though it has not yet
been fully realised on a lifecycle basis. The difference between the results of the reviewed
literature and the results that IECS could achieve in scale is not a technical gap in the
first place because the cooling physics work, the ML models predict correctly when the
conditions are similar to those in which they were trained, and the IoT hardware is afford-
able. The methodological, geographic, and systemic gap (lack of multi-climate validation,
lack of economic modelling of the ownership realities of the poorest farmers in the world,
lack of protocol standardisation of regional integration, lack of an integrated FEW nexus
accounting) will enable policymakers to invest in IECS with the same confidence with
which they now invest in road infrastructure or irrigation systems. The research agenda is
to close these gaps. It is a pressing issue because of the food security imperative; 30–50% of
the perishable food is wasted before it arrives at the consumer in the area of the country
that needs it the most.
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Abbreviations
The following abbreviations are used in this manuscript:

CFD Computational fluid dynamics
COP Coefficient of performance
DDPG Deep Deterministic Policy Gradient
DEC Direct Evaporative Cooling
EC Evaporative cooling
FEW Food–Energy–Water (FEW)
IECS Intelligent evaporative cooling systems
IoT Internet of Things
LMICs Low-and-middle-income countries
LoRa Long Range
LPWAN Low-Power Wide-Area Network
LSTM Long Short-Term Memory (LSTM)
ML Machine learning
MPC Model predictive control
M-Cycle Maisotsenko-cycle
PID Proportional-integral-derivative
PV Photovoltaic
RAD Relative average deviation
RCF-IEC Regenerative counterflow IEC
RH Relative humidity
RL Reinforcement learning
SDGs Sustainable development goals
T Temperature
VPD vapour pressure deficit
XAI Explainable AI
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