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The effects of variation in product respiration, supply chain temperature, gas diffusion, product 
quantity, and storage volume on gas control in fresh produce storage remain unexplored. This study 
aimed to evaluate the impact of such parameters on O2 control, using broccoli as a case study under 
dynamic temperature profiles ranging from 1 °C to 20 °C. Sensitivity analysis of each parameter was 
performed using Monte Carlo simulations and one-factor-at-a-time method and the results were 
experimentally validated. The blower ON frequency (BOF) needed for O2 control exhibited a mean 
of 47.8 ± 3.7 s, illustrating variability due to model parameter uncertainties. The product weight and 
respiration rate were the most influential parameters affecting the BOF. These parameters collectively 
accounted for over 80% of the BOF variability, highlighting the importance of prioritizing and 
incorporating non-linear relationships and parameter interactions for model robustness. Temperature 
variations affected BOF and respiration rates while maintaining overall O2 and CO2 concentrations 
stable over a longer period. However, O2 and CO2 concentrations exhibited temporary fluctuations 
because, at higher temperatures, the blower operated for longer durations compared to lower 
temperatures, leading to more pronounced O2 fluctuations. The results of the validation experiment, 
using a 70-litre box containing 16 kg of broccoli, confirmed the stability of the model in effectively 
handling the parameters variation while maintaining the O2 concentration at 3.5 ± 0.5% and CO2 at 
15.3 ± 1% during storage and transport of the fresh produce.
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To mitigate post-harvest losses, efficient supply chains and practices are crucial. While modified atmosphere 
(MA) storage boxes with gas-permeable membranes are effective, they are primarily suitable for low temperatures 
(3–6  °C) due to limited gas permeability. The designed package may fail to achieve its true potential under 
unintended conditions e.g. temperature abuse, which is often met in the cold chain. It is the main reason, which 
causes quality degradation of fresh produce during transport and storage1,2. Temperature fluctuations in the 
produce supply chain may disrupt the balance between the package’s gas transmission rates and the physiology of 
produce, mainly respiration rate, which affects the target atmosphere3 and depends on the degree and direction 
of temperature deviation4. Temperature significantly influences the product respiration rate5 than the package 
gas transmission rate, challenging the maintenance of consistent MA during its storage6–8.

The MA systems for fruit and vegetable containers also include the automatic air freshening system 
developed by Thermo King, Bloomington, Minnesota, United States. This system is described as semi-active for 
maintaining MA conditions during storage and transport. It allows fresh air ventilation after loading until the 
cargo generates the required concentration of CO2. The ventilation rate is adjusted based on CO2 concentration, 
ventilation reduced when concentrations are below the set threshold and increased when the desired CO2 
concentration is achieved. Controller presets for carriage temperatures and ventilation settings for various fresh 
produce types were preloaded for ease of use9. The Transfresh System, Salinas, California, United States also 
known as modified Techtrol, was one of the pioneering commercial systems. It relies on a tightly sealed container 
equipped with purge ports for initial atmosphere development, a door curtain, and an O2 valve controller. A 
dedicated controller continuously monitored O2 and CO2 concentration using preinstalled sensors. When 
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the O2 concentration drops too low, the controller opens the valve to introduce outside air. For CO2 control, 
fresh air ventilation was used to increase CO2 concentration (by opening a valve), or when low O2 and CO2 
concentrations were needed, adsorption with hydrated lime was employed10. However, such systems require 
gas sensors and extensive control mechanisms, making them an economically unviable option for transporting 
smaller quantities of fruit and vegetables.

For small-scale storage systems Jo et al.11 developed a mathematical model for the operation of gas control 
valves placed in the perforated tube. They dynamically controlled the gas composition in MA storage containers 
based on O2 concentration, ensuring desired gas compositions for green pepper and spinach under varying 
temperature conditions. Building on this, subsequent studies12–14 introduced adaptive control mechanisms and 
iterative operations to respond to the respiration of fresh produce in real-time. In parallel, devices and methods 
for monitoring and controlling fresh produce respiration during transport have been developed by Savur et al.15; 
Savur et al.16, Savur et al.17 and Alzuabi et al.18. These systems include sensors, a refrigeration unit, gas inlets/
outlets and a controller. They maintained optimal storage conditions during transport. However, challenges such 
as cost, size and reliance on gas sensors for feedback control remain, and simpler, more robust and cost-effective 
solutions are needed.

A gas control system using forced air diffusion was developed to regulate gas concentration in storage 
containers of sweet cherries in the study by Keshri et al.19. Experimental determination of forced and natural 
air diffusion coefficients facilitated the estimation of blower operation required to maintain desired gas 
concentration at different storage temperatures. As an extension of this work Jalali, et al.20 modelled the storage 
environment for sweet cherries and controlled the CO2 concentration in the containers with a control system. 
However, manual adjustment of the blower operation during temperature changes posed operational challenges, 
highlighting the need for automated solutions in the transport of fresh produce. Extending upon this Kalnar 
et al.21 automated the blower operation using time-temperature mapping and validated the model output with 
broccoli storage as a case study. They used the term blower ON frequency (BOF) which is defined as the time 
in seconds required for the blower system to activate every hour to regulate the O2 concentration within the 
storage box.

The influence of the variations in produce respiration and temperature fluctuation22, also the potential 
changes in the gas diffusion through the storage box and the amount of product, and storage volume has not 
been done yet. Therefore, this work aimed to evaluate the impact of variation in key input parameters on BOF 
and O2 concentration in the storage box. Key factors include product weight, respiration rate, gas diffusion rate 
and size of storage box. Broccoli was used as a case study to evaluate the impact of variability on O2 control under 
fluctuating temperature profiles.

Materials and methods
Modified atmosphere storage box
The experimental set-up for storing 16 kg of broccoli used a 70-litre transparent box with a lid, bought from 
the local retailer (Fig.  1). The rubber gasket around the lid ensured its airtightness. The lid of the box was 
equipped with an air blower (model UB3C3-500, Sunonwealth Electric Machine Industry, Kaohsiung, Taiwan), 
sized as 12 mm x 12 mm x 3 mm and with automatic restart capability when blocked by any foreign material. 
This blower was connected to a Teensy 4.1 controller, which integrated a mathematical model incorporating 
real-time temperature data. The blower was securely housed in a 3D-printed housing made from polylactic 
acid filament (EasyFil, Form Futura, The Netherlands), selected for its impact resistance, flow behaviour and 
interlayer adhesion properties. Moreover, a diffusion tube measuring 250 mm in length and with an internal 
diameter of 6 mm was inserted through a sealed opening in the box lid to restrict the entry of air but enable air 
exchange through it when the blower was activated. The diffusion tube remained open at all times, regardless of 
blower operation. However, due to its smaller diameter and extended length, passive air exchange through the 
tube was negligible19. Consequently, during blower operation, air entered through the blower and exited via the 
tube. An additional rubber septum (Suba-Seal septa, Sigma-Aldrich Co LLC, United Kingdom) was provided 
for gas sampling by a headspace gas analyser (CheckMate3, MOCON Europe A/S (Dansensor), Ringsted, 
Denmark) .In the gas control system setup, a Teensy 4.1 microcontroller (PJRC.COM, LLC., Oregon, USA) was 
used to regulate the blower and thus O2 concentration inside the box. The gas control system used a 1.54-inch 
ePaper display (E-paper E-Ink (B), Waveshare 13338, China) to show real-time parameters from the box such as 
temperature, and BOF for one hour cycle. A radial mini air blower (UB3C3-500) to purge the fresh air in the box, 
a 100 K thermistor with a negative temperature coefficient for temperature measurement of the produce placed 
in the box, and onboard data storage with real-time clock functionality were used. The Teensy 4.1, chosen for its 
advanced capabilities, composed hourly temperature checks, calculated blower operation time, logged data and 
activated the air blower for precise control of the O2 concentration inside the box.

Mathematical formulation for gas control
The mathematical formulation for the gas control system used in this study is based on a modified BOF model 
previously reported by Kalnar et al.21. This model integrates key factors such as product O2 consumption rate, O2 
diffusion rate, storage box volume and product mass (Fig. 2). The process of O2 diffusion through the blower was 
categorised into two distinct phases: the forced phase occurring when the blower was activated, and the natural 
phase when the blower was deactivated. The BOF represents the total time (in seconds) required to keep the 
blower ON during a one-hour cycle to maintain O2 set point to 3%. It is determined using Eq. (1).

	
BOF =

[
dV o2rr,set

dt
− 3600 dV o2bl.OF F

dt
dV o2bl.ON

dt
− dV o2bl.OF F

dt

]
� (1)
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Fig. 2.  Model input and output parameters for O2 control in the storage box, also highlighting BOF model 
used real-time temperature values of the produce stored in the box for BOF estimation.

 

Fig. 1.  Storage boxes showing diffusion tube, air blower and the gas control system used for broccoli storage.
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The terms used in Eq. (1) dV o2rr,set

dt  is the rate of O2 consumed (mL kg− 1 h− 1) by the broccoli was computed 
using the Eq. (2), which is already integrated with an Arrhenius equation for temperature effect on respiration 
rate.

	

dV o2rr,set

dt
=


Rmax e

( −Eamax
Rg ( T +273)

)
O2set

km +
(
1 + CO2

ki

)
O2set

+ Rmin e

( −Eamin
Rg (T +273)

)
 Wp

1
3600 � (2)

where km  and kiare the Michaelis-Menten and inhibition constant in %, Rmax and Rmin are the pre-
exponential factors23 while Eamax and Eamin are the activation energies (J mole− 1), under the conditions of 
abundant and low O2 availability, respectively. To avoid unusually high values of the pre-exponential factor, it 
is recommended to use the Arrhenius equation with a reference temperature. The O2set and CO2 are the set 
point (3%) for O2 and CO2 (15%), respectively. Rg is the gas constant (8.314 J K− 1 mol− 1), T is the temperature 
(°C), and Wp is the weight (kg) of the broccoli in the storage box.

The term V o2bl.ON
 is the volume of O2 (mL) diffused into the box containing 16 kg ( Wp) broccoli during 

the forced phase (i.e. when the blower ON) was calculated by applying Eq. (3) for a storage box with total volume 
(VT) 0.07 m3 and considering the density (Dp) of the broccoli as 1050  kg/m3. Free volume/head space was 
considered for estimating the required volume of air during blower ON and OFF time.

	

dV o2bl.ON

dt
=

(
VT − Wp

Dp

)

0.36


21 + (O2set − 21) e

(
−kO2ON(
VT −

Wp
Dp

) t

)

− O2set


� (3)

Where V o2bl.OF F
 is the volume of O2 (mL) diffused into the box during the natural phase (i.e. when the blower 

OFF) through diffusion tube and it was estimated using Eq. (4), for time t (s).

	

dV o2bl.OF F

dt
=

(
VT − Wp

Dp

)

0.36


21 + (O2set − 21) e

(
−kO2OFF(
VT −

Wp
Dp

) t

)

− O2set


� (4)

where kO2ON
and kO2Off

 (m3 s− 1) are the diffusion coefficients of the air when the blower was ON and OFF 
respectively. The numerical factor 21 represents the O2 concentration in ambient air (21%). This term takes into 
account the difference between the set concentration ( O2set ) and the O2 available under normal atmospheric 
conditions. The factor 0.36 is a unit conversion factor used to scale the equation appropriately. This factor 
resulted from a combination of empirical adjustments/unit conversions. The model (Eq. 1) was implemented 
directly into a Teensy microcontroller system. This enabled real-time calculations of the BOF in every one-hour 
cycle. At the start of each cycle, the microcontroller utilised temperature data from a sensor installed in the 
storage box to determine broccoli temperature. Using this information, it calculated the BOF instantaneously 
and immediately applied the result to control the blower’s operation. This hourly iterative process continued 
throughout the storage period, with the microcontroller continuously monitoring the internal temperature and 
dynamically adjusting the BOF to maintain the O2 set point in the box.

Assessing variability in the gas control parameters
The effectiveness of the gas control model depends on the variability of key parameters influenced by product 
characteristics, storage conditions, and gas diffusion. This section addresses the model’s robustness under realistic 
conditions, including variations in product respiration rates, diffusion coefficients, and storage configurations. A 
systematic approach was used to assess the sensitivity of these parameters and their impact on maintaining O2 
set point during storage. The key sources of variability were categorized into three domains:

Product variability:

•	 Pre-exponential factors ( Rmax and Rmin)
•	 Activation energies ( Eamax and Eamin)
•	 Michaelis-Menten constant ( km )
•	 O2 inhibition constant ( ki)

Diffusion variability:

•	 O2 diffusion rate with the blower ON ( kO2ON
)

•	 O2 diffusion rate with the blower OFF ( kO2OFF
)

Variability in storage parameters:

•	 Product weight ( Wp)
•	 Storage box free volume ( VT )
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The base values of the model parameters (Table 1) were taken from Kalnar et al.21 and the systemic variations 
were introduced to determine their effect on O2 concentration and BOF.

Variability analysis by Monte Carlo method
The Monte Carlo method was used to evaluate the model parameter’s sensitivity and interaction effects on BOF 
because of its statistical robustness in assessing the cumulative impact of parameter-inherent uncertainties. The 
Monte Carlo simulation for the BOF model was performed using Python 3.13.0 along with the libraries for 
statistical analysis and data visualisation. NumPy 2.1.3 was used for numerical calculations, while SciPy 1.14.1 
facilitated scientific computing and optimisation. Pandas 2.2.3 was used for data handling and analysis, ensuring 
efficient manipulation of data. For visualisation, Matplotlib 3.9.2 and Seaborn 0.13.2 was used to generate plots. 
The standard deviations for each parameter were estimated from computational simulations using experimentally 
determined base values and respective absolute/percentage errors (Table 1). The parameters were assumed to 
follow an independent normal distribution, allowing the simulations to account for realistic variations in the 
input parameters. Normal distribution was considered for the study because, in a real supply chain, parameters 
related to product, diffusion and storage may fluctuate slightly around their true value. A total of 10,000 iterations 
were used to evaluate the variability. In each iteration, the input parameters were randomly sampled from their 
respective probability distributions to calculate the BOF using Eq. (1). Sensitivity and interaction analysis was 
performed to identify the most influential parameters influencing BOF by changing each parameter within 
its percentage error range. Sensitivity ranges and rankings were derived to quantify each parameter’s relative 
influence on the BOF. Interaction effects were visualized using scatter plots and correlation matrices, which 
highlighted the non-linear relationships and potential redundancies in the contributions of the parameters. The 
analysis was performed using a Python script with the fixed storage parameters such as temperature (T) at 10 °C, 
CO2 concentration at 15%, O2 set point ( O2set ) at 3%. These storage parameters were chosen because they are 
optimal for broccoli storage, as reported by Fernandez-Leon et al.24 and Kalnar et al.21.

One-at-a-time approach
Each parameter was varied individually (± standard error or ± 5%) with positive (addition of standard error in 
base value) and negative (subtracting standard error from base value) variation from the base value while holding 
all other parameters constant (at base value), as per method reported by Jurij et al.25. New O2 concentration 
values were predicted for each parameter considering values given in Table 1 and using the equation reported 
by Keshri et al.19 and Jalali, et al.20. The values of predicted O2 concentration were used to evaluate the impact 
of variability. This approach provided insights into the independent sensitivity of each model parameter but 
did not account for interactions between the parameters. All parameters were varied simultaneously to address 
interactions, allowing both positive and negative variations. This comprehensive analysis revealed the combined 
effects of parameter variability on O2 control and helped identify the most sensitive parameters.

The sensitivity in O2 concentration ([O2]) when parameters change from its baseline values were quantified 
as:

∆ [O2] = [O2]varied − [O2]baseline​
where, [O2]varied​ is the O2 concentration computed with the modified parameter estimated considering 

positive and negative variations and [O2]baseline​ is the concentration under baseline value of that parameter.
To incorporate combined variability, a multivariable sensitivity analysis was performed as:

	 ∆ [O2]combined = f(Rmax , Rmin , km, ki , kO2OFF
, kO2ON

, Wp, Eamax, Eamin, VT )

where, f  represents the model function integrating all parameters with positive and negative variations.

Experimental validation
Fresh broccoli was sourced from the local supplier to validate the developed gas control system and its predictive 
BOF model (Werder Frucht GmbH, Groß Kreutz, Germany). The broccoli was packed inside the storage boxes 
as described in Sect. 2.1. The NTC thermistor connected with the controller was inserted into the core of the 

Parameter Abbreviation Unit Base value Absolute error % error

Activation energy when O2 is abundantly available Eamax J mol− 1 8.63E + 04 22.9 0.03

Activation energy under low O2 conditions Eamin J mol− 1 1.03E + 05 43.6 0.04

Pre-exponential factor when O2 is abundantly available Rmax mL kg− 1 h− 1 2.76E + 17 1.38E + 16 5

Pre-exponential factor under low O2 conditions Rmin mL kg− 1 h− 1 9.90E + 19 4.95E + 18 5

Michaelis-Menten constant km % 19.6 2.4 12.3

Inhibition constant ki % 8.07 2.2 27.3

Diffusion coefficient of O2 when the blower OFF kO2OFF m3/s 2.00E-08 1.00E-09 5

Diffusion coefficient of O2 when the blower ON kO2ON m3/s 2.28E-05 6.00E-08 0.26

Weight of the produce Wp kg 16 0.8 5

Total volume of the storage box VT m3 0.07 0.0035 5

Table 1.  Parameter values with their abbreviation and units used for variability analysis21.
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broccoli floret within each box. This provided real-time temperature data, which was used by the microcontroller 
to calculate the BOF based on the model equations dynamically.

Two boxes equipped with a gas control system were placed inside a cold storage facility (Frigotech GmbH, 
Germany). This facility allowed precise temperature adjustments to simulate the temperature variations 
experienced in the actual supply chain of broccoli as reported by Cantwell & Suslow26. The simulated temperature 
profile included unit operations such as harvesting in the field and transportation (20 °C), precooling (7 °C), 
transport to the warehouse (3 °C), storage at the warehouse (1 °C), transport to the distribution centre (5 °C), 
and storage at the distribution centre (10 °C ). These profiles were mimicked in the walk-in cooling room and the 
actual measured temperature was used for real-time BOF calculations. Temperature variations influenced the 
product respiration model parameters, which were addressed with the Arrhenius-type equation. The headspace 
O2 and CO2 concentrations in the boxes were sampled at regular intervals using a headspace gas analyser. This 
data provided insights into the performance of the gas control system over the storage period and was used to 
assess the model’s accuracy in maintaining the desired O2 concentration.

Results and discussion
Variability analysis of BOF
The results shown in Fig. 3 provided key insights into BOF changes under varying parameter conditions. BOF 
followed a normal distribution with a mean of 47.84s and a standard deviation of 3.69s. This distribution 
(Fig. 3A) illustrates the variability in BOF due to the combined effect of uncertainties in the model parameters. 
Sensitivity analysis (Fig. 3B) showed the most important parameters affecting BOF. The weight of the product 
( Wp) was found to be the most effective, with a sensitivity range of 5.11s, the pre-exponential term related to 
respiration ( Rmin) and the Michaelis constant ( km) with ranges of 3.76s and 2.33s, respectively. In contrast, 
the rest of the parameters showed weaker effects, with sensitivity ranges below 1.5 s, indicating that they had 
relatively small contributions under the modelled conditions.

The Pareto plot of the sensitivity ranking (Fig. 4A) confirmed that Wp, Rmin and km together accounted 
for over 80% of the BOF variability, highlighting them as important factors to prioritize for the gas control 
optimization. The graph also showed the cumulative sensitivity percentage, with the 80% threshold reached 
by these three parameters, as a result, the most influential parameters were identified for prioritization. This 
prioritization was in line with the principles of the 80/20 rule, allowing targeted refinement efforts in the 
modelling and experimental setups. The 80% contribution threshold is consistent with the Pareto principle, 
which suggests that a small subset of variables accounts for the majority of variability in a model. By focusing 
on the top 20% of influential parameters, a more efficient and applicable mathematical model can be developed. 
This approach captured most of the variability in the system and minimized the complexity of dealing with less 
influential parameters. The remaining 20% of parameters contribute little to the overall variability and are less 
important for the model.

The results of the sensitivity analysis showed in the pairwise scatter plots (Figure S1), highlighted the 
relationships and interactions between all model parameters and BOF. The interactions between BOF, and 
the parameters, such as Wp, Rmin and km showed a meaningful correlation with each other, than the other 
parameters. From the scatter plots (Fig.  4B), the correlation analysis showed a moderate to strong positive 
relationship between BOF and Wp (r = 0.7), indicating that as the product weight increases, the BOF tends to 
increase. Similarly, a moderate positive correlation was observed between BOF and Rmin (r = 0.5), indicating 
that higher values of Rmin are associated with increased blower operation. In contrast, BOF and km showed 
a weak negative correlation (r = -0.3), indicating that higher values of km are associated with a slight decrease 
in BOF. The rest of the parameters like blower diffusion coefficients ( kO2ON

, kO2OFF
) and activation energy 

( Eamax, Eamin) exhibit weaker or no meaningful linear relationship with BOF. The interaction analysis of the 
top three parameters showed that the complex dynamics between the parameters were present. For example, 
the combined effects of Rmin  and km increased the variability of the BOF, indicating that they have an 
additive effect on BOF variability. Similarly, interactions between BOF and Rmin  became prominent under 
high product weight ( Wp) conditions. These interactions highlighted the importance of considering non-linear 
and interaction terms in future models that aim to predict BOF under varying operational conditions. The 
results are consistent with established methodologies, such as those outlined by Saltelli et al.27, which highlight 
the importance of integrating sensitivity analysis into complex systems modelling. Furthermore, the use of 
the Monte Carlo simulations in agricultural and post-harvest research28,29, provides a robust framework for 
improving modified atmosphere storage systems.

Variability analysis in O2 concentration
Figure 5 illustrates the effect of a single parameter (e.g. mass varied from 15.2 to 16.8 kg from the base value of 
16 kg) on the predicted O2 concentration along with the BOF and temperature profile during the experiment, 
with a closer look at the first 10 h for clarity (Fig. 5A). The results showed that when a positive variation in the 
weight was introduced, the O2 concentration reached 3% within 7 h, whereas with a negative variation, it took 
8 h for the O2 concentration to reach 3%. This was because the O2 consumption inside the airtight box was 
increased due to the higher mass of broccoli. Furthermore, the O2 concentration level at the time when the 
blower turned ON initially, dropped below 3% and reached 1.6% in the case of negative variation and 2.1% in the 
case of positive variation. But once the blower was initiated, in both cases the O2 concentration was effectively 
maintained at an average of 2.9 ± 0.2% for negative variation and 2.8 ± 0.3% for positive variation. It was found 
that the drop in O2 concentration level due to parameter variation was only at the initial time, until when the 
blower turned ON, and thereafter it maintained close to the set point.

Figure 5B shows that when variabilities were introduced considering all parameters at a time, the set point 
for O2 concentration was reached after 8  h. The O2 concentration at the time when the blower turned ON 
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was dropped to 1.5% for negative variations and then it was maintained at 2.9 ± 0.2%. Similarly, in the case of 
positive variations, it took 7 h to drop O2 concentration to 2.4% and then maintained at 2.7 ± 0.3% as compared 
to the mean O2 concentration estimated with base values at 2.9 ± 0.2%. The data showed that the drop in O2 
concentration level due to variation in all parameters (Fig. 5B) followed the same trend as of variation due to a 
single parameter shown in Fig. 5A.

Analysing the absolute differences between means of O2 concentrations calculated using base values and 
those derived from both positive and negative variations, provided insights into understanding each parameter’s 
importance in maintaining the O2 concentration (Fig. 6). The observed differences in means of O2 concentration 
highlighted the varying sensitivities of key model parameters. The parameters like Wp, Rmin and km showed 

Fig. 3.  Results of the Monte Carlo simulations (A) A probability density plot showing how often different 
BOF values appeared in the simulations. It highlights the range and variability of BOF values. (B) A line graph 
showing how BOF values change across all simulations. It illustrates the influence of each parameter on the 
BOF results.
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relatively larger differences, indicating their significant impact on O2 concentration regulation and thus higher 
sensitivity to O2 variations. For example, the variations in Wp changed O2 concentration from 2.9 to 2.8% and 
in Rmin showed the O2 concentration from 2.9 to 2.8% when negative and positive variations were introduced 
respectively. These variations emphasize the importance of these parameters in maintaining O2 concentration 

Fig. 4.  Results of sensitivity analysis with correlation (r) coefficient (A) Pareto chart showing the influence of 
the model parameters on BOF. The cumulative line shows the proportion of the total effect of each parameter, 
(B) Pairwise scatter plot highlighting the relationship and interaction between the top three parameters and 
BOF.
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in the storage box. Other parameters like Eamax, kO2ON
, and kO2OFF

 exhibited relatively insignificant 
differences which indicate that variation among their values does not make a stronger impact on the effective 
management of O2 but the presence of these parameters were required for the application of the developed 
model to MA box for fresh produce.

Experimental validation of BOF and O2 concentration
The results (Fig. 7A) showed that the developed model for estimation of BOF effectively maintained the O2 
concentration at the set point of 3% for a 70 L storage box containing 16 kg broccoli. The initial rapid decline 
in O2 concentration was attributed to the high respiration of broccoli14,30 and the absence of blower operation 
during this phase. Figure 7B represents the predicted and experimental respiration rate of broccoli with different 
temperatures and atmospheric conditions. From the figure, it is clear that the respiration rate of broccoli was 
higher in fresh air conditions compared to MA conditions, and it varied with temperature in both fresh air and 
MA environments31. The respiration rate of broccoli at 20 °C was found to be 141.9 mL kg− 1 h− 1 in air and 120.9 
mL kg− 1 h− 1 in the modified atmosphere (3% O2 and 16% CO2). The measured values of respiration rates (R² = 

Fig. 5.  Effect of parameter variability on the O2 change (A) One variable changed at a time, example zoomed 
portion of mass variability (B) All variable changed at a time, zoomed portion of variability when all variables 
were considered. The lines show the change in O2 concentration for different errors of the model parameters, 
with the peaks and troughs representing the blower ON and OFF cycles after the 3% O2 set point was reached.
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0.96) from the experiment showed close matching with predicted values (R² = 0.99) under MA conditions. The 
average difference between measured and predicted respiration rate was found to be 2.1% which was below the 
5% error or 95% level of confidence.

It was also found that fluctuations in O2 concentration (Fig. 7A) due to blower activation cycles per hour 
were more pronounced at higher temperatures than at lower temperatures e.g. 1.5 to 3.0% at 20  °C and 2.8 
to 3.0% at 5  °C. The blower was first activated 7 h after the experiment commenced, at which point the O2 
concentration had decreased to 2.7%. Following blower activation, the O2 concentration was stabilized to 
2.9 ± 0.2% through subsequent ON-OFF cycles. The correlation analysis of parameters within the 0 to 12.5 °C 
temperature range highlights key relationships among temperature, BOF, respiration rates and gas composition. 
Temperature strongly correlated with BOF (R2 = 0.99) and respiration rates (R2 = 0.97), indicating increased 
temperatures significantly elevated BOF and respiration rates. This aligns with the known biological response of 
enhanced metabolic activity at higher temperatures. BOF and respiration rates also exhibit a very strong positive 
correlation (R2 = 0.99), reinforcing the critical influence of respiration dynamics on blower operations.

On the other hand, O2 and CO2 concentrations showed weaker correlations with temperature, proving 
that the model concept of controlling gas composition to the set point worked despite temperature changes. 
If there is weight change, sensitivity analysis proved that a ± 5% variation does not impact the model’s ability 
to maintain the O2 set point. However, if the variation exceeds 5%, it is recommended to rerun the model to 
adjust its parameters in real-time. The experimental data for O2 and CO2 confirmed that the model, coupled 
with the electronic gas control system, successfully maintained the optimal storage conditions for the broccoli 
throughout the experimental period. Furthermore, the study demonstrated the efficacy of BOF cycles in 
stabilizing O2 concentrations despite temperature fluctuations. Literature supports the notion that temperature 
variations can influence respiration rates and gas dynamics within the packaging, necessitating adaptive control 
systems for optimal results32,33. These findings not only corroborate existing evidence on the benefits of MAP 
in fresh produce storage34,35 but also highlight the potential for advanced modelling techniques to refine gas 
exchange mechanisms31,36–39 thereby improving storage outcomes for fruit and vegetables.

The developed model was successful in controlling the O2 concentration inside the broccoli storage box, 
despite some variabilities in the model parameters and temperature fluctuations. Although CO2 was not 
controlled by the model directly, experimental data for CO2 (Fig. 7A) showed that it was increased up to 15.3 ± 1% 
and then reached equilibrium level. This was because, the CO2 concentration difference between the inside of the 
box (15.3%) and the outside (0.04%) was similar to the O2 concentration difference between the inside (3.5%) 
and the outside (21%). Thus, at higher CO2 concentrations, CO2 was removed at the expense of fresh air with 
each ON-OFF cycle of the blower, and a steady CO2 concentration was maintained. This is an advantage for high 
CO2-tolerant commodities26,40 such as broccoli. For low CO2 tolerant commodities, the system was improved 
by integrating a soda-lime-based CO2 adsorption reactor with active airflow using an air blower managed by the 
microcontroller and the CO2 absorption kinetics was studied and modelled using the Weibull function41. This 
can be further improved by adjusting the blower ON time dynamically based on temperature variations, product 

Fig. 6.  The effect of sensitivity in model parameters on O2 concentration analysed with a one-parameter-at-
a-time approach. The plot shows the sensitivity of the O2 concentration (%) to different model parameters, 
the error bars reflect how fluctuations in each parameter affected the O2 concentration, showing the spread or 
range of change in O2 concentration. Smaller error bars indicate the minimal impact on the O2 concentration.
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Fig. 7.  Experimental results to verify model performance under variable temperature conditions for broccoli 
(A) The figure shows the time evolution of O2 concentration (experimental and predicted), experimental CO2 
concentration, temperature and BOF demonstrating the performance of the model under variable temperature 
conditions, with O2 and CO2 concentrations stabilized after initial O2 pulldown. The BOF adjustments 
correspond to the temperature variations to maintain the O2 concentration. (B) Experimental and predicted 
respiration rate of broccoli for the temperature profile over the experimental duration.
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respiration rate and CO2 set point so that this work can apply to a wide range of fresh produce to improve the 
shelf life.

Conclusion

•	 The model for estimating the BOF was tested for its parameter variability with experimental validation con-
sidering the broccoli supply chain’s temperature profile (1 °C to 20 °C). Sensitivity analysis was performed 
using Monte Carlo simulations and one-factor-at-time methods. The experimentally determined parameter 
values were used together with their standard deviations, taking into account the respective absolute or per-
centage errors for the sensitivity analysis. The analysis provided valuable insight into the variability of BOF 
values, which followed a normal distribution with a mean of 47.8 ± 3.7 s reflected variability due to uncertain-
ties in model parameters.

•	 The results of the analysis showed that key parameters, including product weight, pre-exponential factor and 
Michaelis-Menten constant, were the most influential parameters affecting BOF respectively highlighting the 
need to prioritize these factors for model robustness. These key parameters together accounted for over 80% 
of the variability in BOF. This finding is consistent with the 80/20 rule, suggesting that focusing on these pa-
rameters could lead to significant improvements in the model performance.

•	 Interaction analysis showed a strong positive correlation between weight and respiration process, and a strong 
negative correlation between weight and Michaelis-Menten constant, while other parameters such as diffu-
sion coefficients and activation energies showed weak or no linear relationships.

•	 The validation experiment showed the effect of parameter variation on BOF and O2 concentration, showing 
that variations in the parameters resulted in small but manageable fluctuations in BOF and thus in O2 con-
centration. These findings demonstrated the robustness of the model in effectively managing variations while 
ensuring the O2 concentration (3.5%) and CO2 of 15.3% at the end of the storage period.

•	 This study demonstrated the feasibility of a model-based dynamic O2 control system in modified atmosphere 
storage even if there is variability in the product, diffusion and storage parameters.

Data availability
The data will be available from the corresponding author, PMahajan@atb-potsdam.de, upon reasonable request.
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