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Abstract — In recent years, studies have been conducted to 

determine gradients expressing climate conditions inside 
greenhouses using computational fluid dynamics, which has 

been able to increase the precision and realism. Although 
these models provide numerical solution of the energy 
balance, these models need to be validated to establish its 
accuracy with respect to real data measured by sensors inside 

the greenhouse. Many methods have been employed 
validation, however at this time, neither limit has been 
reported to determine whether a model is acceptable or not. 
Bayesian networks are numerical techniques of uncertainty 

and heuristic method that could be used as validation CFD 
multivariable methods. We validated a Computational Fluid 
Dynamic model using a Bayesian Network analysis. BN have 
shown the relationships between variables CO2 

concentration and humidity with respect to temperature and 
it has also been possible to quantify these relationships by 
calculating inferences in dependent probability distributions. 
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I. INTRODUCTION 
 

Computational Fluid Dynamic (CFD) models have been 

developing in the last decade, and one of the major 

problems is the validation methods. Some CFD studies 

have focused on simulate with more realism the steady 

state models to define the conditions, using different 

validation methods. The small-scale validation method can 

be useful to examine the complex problems of ventilation 

if similarity conditions of flow can be maintained between 

the model and reality. The large-scale validation method is 

the most reliable in predicting the efficiency of ventilation, 

but is expensive and time consuming [5]. 

Once a CFD model has been validated, it can be used to 

study the effect of temperature on air motion inside 

greenhouses (Rico-García et al., 2008). The quality of the 

results is often deduced from the agreement with 

experimental data. Nevertheless, no standard procedure 

exists to really assess the accuracy of the simulations, and 

the type of comparison often differs from one study to the 

next (Bournet and Boulard, 2010). Chen [3], evaluated 

seven types of models to predict the ventilation rate in 

crops, obtaining that CFD model provides more detailed 

information on the performance of ventilation and is the 

most sophisticated. However, the model must be validated 

by corresponding experimental data and the user must 

have solid knowledge of fluid mechanics and numerical 

techniques. 

Model accuracy is generally assessed by just graphically 

comparing both numerical and experimental distributions 

and no criterion was used to quantify the adequacy of 

models with experiments. At this time, neither limit has 

been reported to determine whether a model is acceptable 

or not [1]. Therefore, the choice of an appropriate 

validation model depends on the problem to be solved.  

CFD models provide a numerical solution of an energy 

balance in a controlled volume, that in comparison with 

other methods and expensive technologies allow for an 

effective climate within the greenhouse. However, CFD 

techniques take into account the values of the main 

independent variables as unknowns, in a finite number of 

locations within the domain. Due to the above, it is 

necessary to determine the correlation between the values 

of the variables calculated by this method.  

Determining the relationships between climatic 

variables inside a greenhouse with natural ventilation is 

difficult, due to the inherent stochastic nature of the 

airflow. Bayesian networks (BN) are uncertain numerical 

techniques, which using Bayesian inference can be helpful 

to describe the relationships between the variables that 

define the ventilation conditions [4]. The aim of this work 

is to test a BN model as a validation method of CFD 

model. 

 

II. BAYESIAN NETWORKS THEORY 
 

BN are types of knowledge representation developed in 

the field of Artificial Intelligence for approximate 

reasoning [7,10,11]. A BN is a direct acyclic graph whose 

nodes correspond to concepts or variables and whose links 

correspond to relationships or functions [2]. Variables are 

defined in a discrete or qualitative domain, and functional 

relationships describe causal inferences expressed in terms 

of conditional probabilities that are shown in equation (1).  

P(x1,…,xn) = 

1

n

i=

∏P(xi |parents (xi))            (1) 

BN can be used to identify previously undetermined 

relationships among variables or to describe and quantify 

these relationships even with an incomplete data set [12]. 

The solution algorithm of BN allows the computation of 

the expected probability distribution of output variables. 

The result of this calculation is dependent on the 

probabilities distribution of input variables. Globally, BN 

can be perceived as a joint probabilities distribution of a 

collection of discrete random variables [8]. 
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P(cj | xi) =P(xi | cj ) P(cj )/

k

∑P(xi | ck ) P(ck )             (2) 

A priori probability P(cj) is the probability that a sample 

belongs to class cj, which is given no information on their 

characteristic values, as shown in equation (2). Machine 

learning in artificial intelligence is closely related to data 

mining, classification or clustering methods in statistics, 

inductive reasoning, and pattern recognition. Statistical 

machine learning methods can apply the framework of 

Bayesian statistics; however, machine learning can employ 

a variety of classification techniques to produce models 

other than BN. The objective of BN structure learning is to 

find a configuration that best describes the observed data. 

The number of possible structures of direct acyclic graph 

for searching is exponential in the number of variables in 

the domain, defined in (3):  

f (n) =

1

n

i=

∑ (-1)
i+1

Ci
n 
2

i(n-i) 
f(n-i )             (3) 

The most representative method of the score-and-

search-based approach is the K2 algorithm. The algorithm 

starts by assigning each variable without parents. It then 

incrementally adds a parent to the current variable which 

mostly increases the score of the resulting structure. When 

any addition of a single parent cannot increase the score, it 

stops adding parents to the variable. Since an ordering of 

the variables is known beforehand, the search space under 

this constraint is much smaller than the entire structure 

space, and there is no need to check cycles in the learning 

process. If the ordering of the variables is unknown, we 

can search over orderings [9].  

 

III. MATERIALS AND METHODS 
 

The experimental greenhouse is located at the Queretaro 

University campus whose coordinates are: longitude, 100° 

24’ W; latitude, 20° 36’ N; altitude, 1820 m. The covered 

area is 135 m
2
 (9 m wide and 15 m long). The greenhouse 

is 5.49 m high with the gutter at 4.2 m. The ridge is 

orientated north-south. It has one roof windows (0.9 m 

wide and 13 m long), and four side windows.  

 
Fig.1. Experimental greenhouse geometry. 

The north and south windows are 2.5 m wide and 8 m 

long, the east and west windows are 2.5 m wide and 11 m 

long. All the windows are of the roll-up type. The roof and 

side ventilation areas are 10% and 24% of the covered 

ground area, respectively (Figure. 1). We use 

Lycopersicum pimpinellifolim crop, with 2.7 plants/m
2
 of 

density in harvest. 

3.1 Experimental Measure 
We obtained an experimental data set which was 

composed for the variables: air temperature, humidity, air 

flow speed and CO2 concentration. The measures have 

been obtained at two distances above to the ground: 1 m 

and 3 m, in the canopy space and aisles between the rows 

of crop. The measurements of temperatures and humidity 

were recorded every four minutes by means of a CMOS 

Sensor Type FHAD462, with a measuring range 0 – 100% 

RH and accuracy ±1.8 %, hysteresis 1% RH, nominal 

temperature 25°C± 2k, with a range -20 ±60°C and 

accuracy ±0.3k at 25°C. The CO2 concentration was 

measured with a two channel infra-red absortion principle 

Carbon Dioxide Sensor, hand-held Type FYA600CO2H, 

with measuring range 0 – 10,000 ppm and accuracy ± 2% 

and resolution 1 ppm. The measurements of speed air were 

taken using an omni-directional anemometer whose range 

of operation is 0 m s-1 to 20 m s-1 with an accuracy of 

+0.03 m s-1. The set of measurements for the greenhouse 

were taken on 21 to 25 of August 2011. The data set was 

discreted and used to develop a BN model that describes 

the relationships among all variables. The model shows 

differences that allow us to identify the independent and 

dependent variables as well as to quantify the degree of 

influence between them. 

3.2 CFD Model Development 
We performed numerical simulation development and 

CFD model with ANSYS v.12.1 software which was 

executed on a 32 bit machine under the Windows Vista 

operating system, thereby solved the equations of energy, 

continuity and momentum under 3 different values of solar 

radiation (500 w, 1000 w, 1350 w) and air flow velocity (0 

m / s, 45 m / s and 0.9 m / s). The configuration CFD 

model is showed in Table 1. 

Table 1: Model CFD configuration 
 Description Value  

 

Solver 3D simulation   

    

Condition time Steady state   

    

Viscocity model k-ε floatability 

effect active 

  

    

Energy equation active   

    

Crop simulation Porous media   

    

Dominion entrance Inlet velocity 1 m s
-1

  

    

Dominion exit Pressure outlet   

    

Radiation 1400 W   

Physics properties    

 Air Soil Polyetilen 

Density (kg m3) 1.22 1400 920 

Specific heat ( J K
-1

 °K
-1

) 1006.43 1738 1900 

Termal conductivity (W m-2 k°-1) .0242 1.5 0.3 

Thermal expantion coefficient °k
-1

 .003389   

 
 

     

The methodology for developing the CFD model was 

performed according to the model proposed by Rico-
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Garcia et al. (2006), which are the following steps: 

1) Discretization of continuous flow: the field variables 

approached a finite number of points called nodes values 

2) Discretization of the equations of motion according to 

the values of the nodes 

3) Solving the system of algebraic equations and obtain 

the values of the variables at all nodes. 

2.1 BN analysis 
The analysis of BN was performed by the ELVIRA 

system version 0.162 in three stages suggested by De la 

torre-Gea and Rico-García [6]. 

1) Pre-processing.  
We used the average imputation algorithm to complete 

the partial data sets. This algorithm replaces missing 

values / unknown to the average of each variable. This 

method does not need parameters. Massive data for each 

variable were discreted using the equal frequency 

algorithm with two intervals. 

2) Machine learning.  
According to Wang [13], for best regulate of Bayesian 

network structure we used the K2 algorithm learning 

method with Bayesian estimation and the maximum 

number of parents equal to 3, with no restrictions. 

3) Post-processing.  
A dependency analysis was done to obtain the 

topological structure of the network, which represents the 

variables and their causal dependencies. After obtaining 

the parametric learning network, the conditional 

probabilities were calculated showing the relationships of 

influences between variables. 

 

IV. RESULTS AND DISCUSSION 
 

A. CFD Model 
To provide validity to the CFD model, the results 

obtained from the solution of the equations is calculated 

using the ANSYS software were compared with the values 

of the variables of air flow and measured temperature 

inside the greenhouse. An important part of this step is the 

graphical representation of the variables that govern the 

flow, to have a quick and pleasant view of the results 

obtained, as shown in Figure 2. 

 
 

 
 

 
Fig.2. CFD model result inside a greenhouse A) CO2 

Concentration (ppm), B) Air Humidity (%), C) and 

Temperature (°C). 

 

B. Climate conditions inside greenhouse 
Humidity and CO2 concentration shows an inverse 

relationship to Temperature.  The temperature shows a 

heterogeneous behavior inside the greenhouse, forming 

gradients ranging from the outside temperature near 

windows, rising in the crop space. The air flow speed 

decreases by the action of the crop, forming a barrier, 

stagnating in the lower space, adjacent to the floor. 

Moreover, the elevated temperature causes that the CO2 

concentration and humidity, decreases in the same 

proportion. 

By simulating the crop space beyond the properties of a 

porous medium, it consumes CO2 as result of 

photosynthesis process, and increasing its humidity as 

result of the transpiration process, their concentrations are 

different in the space above the crop. 

Figure 3 shows how is the relationship between CO2 

concentration and humidity, with temperature in CFD 

model compared with the data set obtained to measures 

inside the greenhouse. Lineal regression shows that both 

CO2 concentration and humidity in CFD model are similar 

with the measures data set; with 5% of difference in the 

intercept of humidity, and 39 ppm of CO2 concentration. 

The slops of the equations in both cases are very similar 

too. This indicates that the approximation by the CFD 

model is correct. 
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Fig.3. Relationships between Humidity and CO2 concentration with Temperature. 

 

C. Validation to CFD model using BN model 
Validation consisted of verifying the accuracy and 

validity of the results given by the CFD model. 

Commonly, validation was performed on a different data 

set of the variables used in the developed model. At this 

work, the validation process consists in compared two BN 

models; the first develop from the data set of the measured 

sensors, and the second BN model from data set generated 

by the CFD model. 

A BN model was obtained from 4200 data records of 

CFD model and a second BN model was obtained of 2000 

data records of the measured sensors. Both models were 

compared and its inferences are shown in Table 2. 

 

Table 2:  Correlation coefficient between CO2 and Humidity with Temperature 

 Temperature   CO2        P(CO2|T°) Humidity  P(H|T°) 

CFD model 34 °C             1.00 233 ppm      0.77 24. %         0.74 

Data measures 33.3°C           1.00 240 ppm       0.88 17.4 %       0.88 

 

In both BN models, variables were discretized into three 

intervals. It took into account the higher temperature to 

obtain the conditional probabilities of the CO2 

concentration and humidity. The values of the variables 

with respect to temperature for both BN models are very 

similar, indicating that the values obtained from the CFD 

model are correctly approximate to values obtained by 

measurements inside the greenhouse. The inferences 

calculated by the BN models for both: sensors 

measurements and the data obtained from the CFD model 

are similar in temperature and CO2 concentration.  

Correlation coefficients indicate that both CO2 

concentration and humidity are inversely related to 

temperature, which present both in the measurements of 

the sensors and when the data is obtained from the CFD 

model, as showed in Table 3. This indicates that the CFD 

model behaves properly and attached to reality. 

 

Table 3: Comparison of inferences between measures data 

set and CFD model 

Correlation 

coefficient 
Temperature/CO2 Temperature/Humidity 

CFD model -0.98057339 -0.96686119 

Data set 

measures 
-0.94082092 -0.8998763 

 

Although the correlation analysis of variables is a 

probabilistic method, that indicates the degree to which 

two variables are related or matched, the BN model 

showing relationships among variables can be used for 

many variables at the same time. Similarly, The BN may 

show degrees of independence in the variables that linear 

correlation analysis not shows.  

Comparing the results of Table 2, we observe that the 

conditional probabilities of CO2 and humidity with respect 

to temperature are less than the correlation values of Table 

3. This indicates that although the model is properly 
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validated CFD based on linear correlation analysis, the BN 

models show that CFD model can be more refined to fit it 

to data measured inside the greenhouse.     
The advantages of using BN models to validate a CFD 

model based on this work are: comparing with others 

validation methods is an economic technique and 

consumes little time and few computer resources increased 

accuracy, include uncertainty by calculating inferences 

and quantify the degree of dependence or independence 

between the variables studied. Besides the possibility of 

used incomplete data sets for both the CFD model as 

measurements in the interior of the greenhouse. The main 

disadvantage is that it takes at least two measured 

variables to establish the relationship between the two. 

  

V. CONCLUSION 
 

In this work has been possible to validate a CFD model 

using BN models with an acceptable degree of accuracy. 

BN have shown the relationships between variables CO2 

concentration and humidity with respect to temperature. 

Lineal regression shows that both CO2 concentration and 

humidity in CFD model are similar with the measures data 

set. It has also been possible to quantify these relationships 

by calculating inferences in dependent probability 

distributions. The BN are helpful in CFD models with 

multiple variables. Still are required data sets of 

measurements by sensors inside the greenhouse for 

validation. 
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