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Abstract 17 

Ammonia concentration (NH3) is a dominant source of environmental pollution in geese housing and 18 

profoundly affects the healthy growth of geese. Accurately forecasting NH3 and analyzing its change 19 

trends in geese houses is crucial for the survival of geese. To improve the prediction accuracy of NH3, 20 

we propose a novel forecasting model by the combination of feature selector (CFS) and random 21 

forest (RF). The developed model integrated two modules. First, combining mutual information (MI) 22 

and relief-F, we propose CFS quantify the importance values of each feature and eliminate the low-23 

relation or unrelated features. Second, we built a random forest model and used the K-fold cross-24 

validation grid search algorithm (CVGS) to obtain the RF hyper-parameters to predict NH3. The 25 

simulation results show that the prediction accuracy was improved when feature selection after 26 

quantification based on the CFS was used. The mean square error (MSE), root mean square error 27 

(RMSE) and mean absolute percent error (MAPE) for the proposed model were 0.5072, 0.6583, 2.88%, 28 

respectively. The NH3 prediction model based on CFS-GS-RF exhibited best prediction accuracy, and 29 

generalization performance compared with other parallel forecasting models and is a suitable and 30 

useful tool for predicting NH3 in geese houses. 31 

 32 

Introduction 33 

China is the largest geese producer in the world. According to the data published by the China 34 

Statistics Bureau in 2019 National Economic and Social Development Statistical Bulletin, the output 35 

of poultry meat and poultry eggs in China were 22.39 million tons and 33.09 million tons, 36 
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respectively. The total output value of waterfowl exceeds 160 billion yuan 1. Due to the increasing 37 

consumption of poultry products and an increase in exports, more poultry coops will be built. 38 

Historically, outbreaks of poultry disease and even mass deaths are almost inevitable due to rapid 39 

expansion of breeding scale, lack of scientific management and environmental degradation of the 40 

poultry housing 2. Presently, NH3 produced in poultry houses poses the most significant concern for 41 

the health of poultry 3. NH3 produced through the decomposition of feces and urine by 42 

microorganisms is a primary factor in the environmental pollution in poultry coops and can damage 43 

the health of the respiratory system, eyes, paranasal sinuses, skin, and other organs 4,5. The high 44 

concentrations of NH3 directly harm the immune function, health, and growth capability of poultry 45 

3,6,7, gives rise to a variety of diseases and leads to economic losses. Currently, research on the 46 

influence of NH3 on poultry has focused on laying and broilers hens, while the effects of NH3 on 47 

geese have not been widely discussed 8. However, meat farming and laying geese in China are now 48 

gradually transforming from the outdoor or semi-outdoor to the indoor type. Therefore, the hazards 49 

associated with NH3 are expected to pose a severe problem for meat geese production. Due to the 50 

severe implications of NH3 on poultry health, there is a need to provide a beneficial and stable 51 

environment for poultry. Which is suitable for the complex nature of the NH3 for its modelling and 52 

prediction. 53 

 54 

In recent years, several intelligent algorithms have been proposed for the prediction of NH3 levels 9–13. 55 

Artificial neural network (ANN), support vector machine (SVR), and decision tree (DT) are useful 56 

tools and have been widely used for solving complex prediction problems. However, DT often faces 57 

the over-fitting issue, so that it performs well on the training data set but not on the test set. SVM 58 

uses the quadratic programming approach to measure the supporting vector making it difficult in 59 

large-scale training sets to implement and make its output heavily dependent on the choice of 60 

various hyperparameters. Instead, ANN has a strong generalization ability. Still, it can easily fall into 61 

a partial solution 14. Ensemble learning integrates the prediction of several foundation estimators 62 

established with a given learning algorithm to enhance the generalization performance over a single 63 

estimator, and has become a hotspot in the prediction field and has been successfully applied in 64 

some fields 15. Random forest (RF) is a representative ensemble learning method. Compared with the 65 

methods mentioned above, RF with fewer hyper-parameters seldom over-fits and is relatively robust 66 

to outliers and noise 16–18. 67 



 68 

Many studies have indicated that changes in NH3 are related to temperature, humidity and other 69 

environmental factors. 12 used an adaptive neuron fuzzy inference system (ANFIS) to predict NH3 70 

using indoor relative humidity, indoor temperature, pig temperature and other indicators. 19 71 

predicted NH3 based on genetic algorithm (GA) and optimized backpropagation neural network. 72 

Temperature, relative humidity, carbon dioxide, total suspended particulates, solar radiation and 73 

atmospheric pressure, have been usually used as prediction indicators 20. While these models select 74 

some of the indicators as inputs to predict Nh3, few studies have considered the correlation between 75 

each feature and NH3, and the methods used in these studies display several shortcomings. For 76 

example, using the vast data directly in intelligent models without feature selection not only 77 

increases the training time but also increases the risk of over-fitting. 78 

 79 

Moreover, the contribution of the algorithm optimization and model combination may be lower than 80 

that of screening for good prediction indicators 18. Thus, feature selection is necessary. Extraction and 81 

selection are common operations in feature engineering. Feature selection is better than feature 82 

extraction with respect to readability and understandability and will not alter the primitive feature 83 

data 21. Recently, mutual information-based algorithms (MI) play an increasingly significant role in 84 

data mining and machine learning. These methods have good non-linear and linear processing 85 

capability for considering the relation of diverse sets of features 22,23. However, mutual information 86 

algorithms ignore the influence of the proportions of labels on the correlation degree between 87 

features and label sets 24. The Relief algorithm presented by 25 was initially used for two-category 88 

problems. To adapt to multiple category problems, 26 proposed the relief-F algorithm based on Relief 89 

to deal with multilabel data and regression problem, which is a widely adaptable filter-based feature 90 

evaluating algorithm 21. In this study, the fusion of mutual information and relief-F was proposed to 91 

improve the capability of feature selection and bring a feature selection that is more accurate. 92 

 93 

In this paper, we investigate the NH3 prediction. Our target is to accurately forecast NH3 levels using 94 

the data from an intelligent geese house Internet of Things system. To overcome this challenging 95 

problem, we design an RF underpinned framework that effectively predicts the NH3 level. Although 96 

RF is a promising approach, two challenges must be addressed. The first is that unrelated and 97 

redundant features give rise to a high cost of the RF training process and decrease the prediction 98 



accuracy. The second is the tuning of the parameters. There are three hyper-parameters: number of a 99 

tree, size of sampling subsets and the minimum number of samples required to split an internal 100 

node. These hyper-parameters affect the performance of RF, and currently, there is no consensus 101 

regarding how their values should be set. 102 

 103 

To address the challenges mentioned above, this paper combines the feature selector with the RF and 104 

designs a new hybrid prediction model for predicting NH3 in geese houses. First, the combined 105 

feature selector (CFS) that combines the MI and relief-F evaluates the importance of prediction 106 

indicators. Then, the parameter M is controlled to eliminate the features that have low feature 107 

importance. Finally, the parameters of RF are used by CVGS to build a model for predicting NH3 in 108 

geese houses. The hybrid model makes full use of the CFS and is highly suitable for the selection of 109 

the prediction indicators in this study. Comparison with other models horizontally and vertically 110 

using empirical results shows that the prediction results of this model can provide technical support 111 

for the precise management and control of intensive aquaculture environment of waterfowl. 112 

 113 

Materials and Methods 114 

Study area and data source 115 

The data used in this study were obtained from a waterfowl breeding farm in Haifeng County 116 

(23 °05’N, 115 °19’E) in Shanwei city, China. With an area of approximately 53.3 hm2, the farm is a 117 

multifunctional integrated aquaculture base integrating waterfowl breeding, seeding breeding and 118 

intensive aquaculture. In this experiment, we housed animals (stone goose) in the area including 119 

poultry house (25 × 16 m2), playground (25 × 30 m2 ) and a swimming pool (20 × 3 × 1 m3). Fans, 120 

control equipment (temperature and light), and various sensors were installed for online monitoring 121 

of aquatic environment parameters in the geese houses(fig. 1). 122 

 123 

Because geese house environment parameters are mainly affected by physical and chemical factors. 124 

We developed an IoT system(Fig2) to monitor temperature, humidity, carbon dioxide(CO2), total 125 

suspended particulates (TPS), NH3 of the houses and temperature, humidity, atmospheric pressure, 126 

and solar radiation of the surrounding environment. 127 



 128 

Fig.1 Schematic diagram of the breeding environment monitoring based on the Internet of 129 

Things..  130 

 131 

 132 

Fig2. Topology structure diagram of the platform. 133 

 134 

Combined Feature Selector 135 

To fully evaluate feature importance between each feature and target, MI and relief-F are both used 136 

in CFS. These processes compute the feature importance of each feature to decide whether a feature 137 

is eliminated or preserves. The parameter M is the threshold. We can eliminate the feature with low 138 

feature importance by controlling M. In this section, we will introduce this module. Fig. 3 shows the 139 



processes of CFS. 140 

Mutual information

Relief-F

Feature

 Feature importance

Normalized

Selected

 features

Dropped 

feature

M

 141 

Fig.3. The structure of CFS. 142 

 143 

Relief-F 144 

The relief algorithm is an effective filtered feature selection method proposed by Kira and Rendell 25. 145 

The relief algorithm is initially limited to the classification of two types of data so the relief-F 146 

algorithm, which is later extended by Kononeill can solve the multi-class and regression problems 26. 147 

This algorithm is a weighted algorithm that assigns weights to each feature according to the 148 

relevance of the target. The larger the feature weight, the higher the contribution of the feature, and 149 

vice versa, the lower the feature classification contribution. 150 

 151 

Relief-F algorithm estimates feature weight according to the degree of distinguishing samples that 152 

are close to each other based on the value of the feature. For that purpose, the relief-F algorithm 153 

randomly selects a simple Xi  (Xi has classified p) from training set D which has |y| class. Then 154 

searches for k of its nearest neighbours from the same class, called near-hit Xi,nh, and also k nearest 155 

neighbours from each of the different classes, called near-miss Xi,j,nm(j=1,2,…, |y|;j≠p), then the weight 156 

of feature L can be computed as follows: 157 

                       (1) 158 

Where qj is the proportion of class j samples in data set D, diff(aj, bj) denoted distance between simple 159 

a and b in feature j, diff() defined as: 160 



          (2)       161 

    162 

Mutual Information Estimator 163 

Among the estimates of independence between random variables, MI is selected based on its 164 

information theory background. MI(X,Y) between the two random variables X and Y is defined by 165 

the common information found in two variables with a joint probability distribution P(X,Y). MI(X,Y) 166 

computes the degree of correlation between vector X and target vector Y and is given by: 167 

                      (3) 168 

 169 

where P(x,y) is the probability density function of random variable Z=(X,Y), P(x) and P(y) represents 170 

the marginal probability density function of X and Y, respectively. In fact, since we usually do not 171 

know P(x,y) in advance, some methods should be used to estimate MI(X,Y). K-nearest neighbour is a 172 

non-parametric method that has been confirmed as a useful method in MI estimation 27. For K-173 

nearest neighbour, we use Euclidean distance as a distance metric, and the maximum norm for the 174 

space Z=(X,Y) written as: 175 

                           (4) 176 

 177 

Let 𝜅(𝑖)/2 express the distance from 𝑧𝑖 to its 𝑘𝑡ℎ neighbour, and 𝜅𝑥(𝑖)/2 and 𝜅𝑦(𝑖) express the 178 

distance between the same points projected into the 𝑋 and 𝑌 subspaces. It is clear that: 179 

                                 (5) 180 

 181 

Then, we denote by ηx (i) the number of points for which the distance from xi is strictly less than κ(i) 182 

and by ηy (i) is the number of points for which the distance from yi is strictly less than κ(i). We note 183 

that κ(i) not a fixed value, and ηx (i) and ηy (i) is also not fixed. We denote by  both all iϵ(1,...,N) 184 

and all realizations of the random samples: 185 



                                  (6) 186 

 187 

The estimate for MI by K-nearest neighbour is then: 188 

                 (7) 189 

 190 

In equation [], ψ(⋅) is the di-gamma function and satisfies the recursion ψ(x+1)=ψ(x)+1/x and ψ(1)=-C, 191 

where C=0.5772156.. is the Euler-Mascheroni constant. If MI is equal to zero, the two random 192 

variables are independent and higher MI values mean higher dependency. 193 

Random Forest. 194 

The RF algorithm is a non-linear ensemble model that establishes and averages a large number of 195 

random distribution DT for regression or classification tasks 28. A DT or classification and regression 196 

tree (CART) that construct the RF is a non-parametric model. According to the complexity of the 197 

input data, the tree grows in the process of the learning. Decision nodes and leaf nodes are the main 198 

components of DT. Each input sample is estimated by a test function of decision nodes and passed to 199 

different branches according to the features of the sample. Let we denote by X={x1,x2,x3,...,xn } the 200 

input vector with n features, Y the output scalar and Dm the training set with m observations which 201 

can be written as follows: 202 

            (8) 203 

 204 

At each node, the input data are split by a specific algorithm in the process of training to optimize the 205 

parameters of the split function to the fit data set 𝐷𝑛. In the first step, the DT must be optimally split 206 

among all of the variables. The splitting procedure begins at the root node, and each node uses its 207 

own split function for the new input 𝑋. This operation is recursive until a leaf node appears. The tree 208 

stops growing either when the maximum number of levels is reached or when the observation 209 

number of a node is less than a predefined number. The result of the DT learning process is a 210 

prediction function �̂�(𝐷𝑚, 𝑋) generated over 𝐷𝑚. 211 

 212 



RF regression model can offer powerful prediction ability and is an extension of the DT. The main 213 

characteristics of RF include bootstrap resampling and random feature subset. An RF is an ensemble 214 

of 𝑃 DT �̂�(𝐷𝑚1 , 𝑋), �̂�(𝐷𝑚2 , 𝑋),..., �̂�(𝐷𝑚𝑝 , 𝑋). Here, (𝐷𝑚1 , 𝐷𝑚2 , . . . , 𝐷𝑚3 ) are the bootstrap sample obtained 215 

by random sampling of 𝑚 observations with replacement from 𝐷𝑚, where each observation has 216 1/𝑚 probability of being drawn. This sample process is known as bootstrap resampling. During the 217 

splitting of each node, only a small part of 𝑛 feature are randomly selected instead of all features; 218 

this is known as random feature selection. The ensemble learning result 𝑃 output �̂�1 = �̂�(𝐷𝑚1 , 𝑋), 219 �̂�2 = �̂�(𝐷𝑚2 , 𝑋),..., �̂�𝑝 = �̂�(𝐷𝑚𝑝 , 𝑋). Then, the final estimation output �̂� is the average of 𝑃 output, that 220 

is described as follows: 221 

                             (9) 222 

 223 

where �̂�𝑖 is the output of 𝑖𝑡ℎ DT, 𝑖 = 1,2, . . . , 𝑃. The framework of RF regression is illustrated in 224 

Fig.4, and its training process can be summarized as: 225 

1. Obtain bootstrap samples from the training data set by bootstrap resampling 226 

2. Generate a regression DT by full use of the bootstrap sample drawn in step 1 with the following 227 

modification: at each node, select the optimal split among a random subset sampled in input 228 

variables(𝑚𝑡𝑟𝑦) instead of all of them. 229 

3. Repeat steps 1 and 2 until P DT tree is generated. 230 

4. Aggregating the output of P tress by an average method to forecast unknown data. 231 

2.4 Cross-validation grid search 232 

 233 

According to the previous section, we notice that the RF algorithm has two important parameters: 234 

• 𝑃: the number of decision trees that are the base estimators of RF. 235 

• 𝑚𝑡𝑟𝑦: the size of the random feature subset. 236 

Generally, a variance of RF decreases as 𝑃 grows. More accurate predictions are likely to be 237 

obtained by choosing a large number of trees, but there is no common setting for 𝑃 29. Additionally, 238 𝑚𝑡𝑟𝑦 also a sensitive parameter, and increasing 𝑚𝑡𝑟𝑦 can improves the intensity of each DT but the 239 



relation among DT will also be increased. This means that the total strength of RF may be decreasing. 240 

Therefore, it is necessary to optimize the parameters of RF and select the optimal RF parameters. 241 

 242 

The grid search algorithm that is currently the most widely used method for parameter optimization 243 

is a highly suitable model with fewer hyper-parameters. GS exhaustively generates candidates from 244 

a grid of parameter values specified by the user parameters, and then trains each candidate set of 245 

parameters and marks the score of the model, finally obtaining the optimal combination of 246 

parameters. GS optimizes all of the parameters of the model to guarantee that the given best 247 

parameter combination is the optimal global solution in the pre-setting grid. 248 

 249 

At the same time, learning the parameters of a model and testing it on the same data set is a mistake, 250 

because in this case, the model that merely repeats the samples that it has just learned will have a 251 

high score. To avoid this, we combine K-fold cross-validation (CV) and grid search (GS). The score is 252 

evaluated based on the mean square error (MSE) average value given from 𝐾 iterations. Finally, the 253 

optimal parameter combination with the lowest MSE is obtained. The specific steps are described as 254 

follows: 255 

 256 



 257 

Fig.4. The framework of random forest regression. 258 

 259 

• Step 1: Partitioning the train data into equal-size 𝑘 sets. 260 

• Step 2: Setting the scale of all of the parameters and exhaustively generating candidates from the 261 

parameter space. 262 

• Step 3: A model with parameters combination is trained using 𝐾 − 1 of the folds as the training 263 

set. The MSE of the model is computed on the remaining part of the data. 264 

• Step 4: Each of the 𝐾 folds followed the step 3 procedure. 265 

• Step 5: The score measured by CVGS is the average of the values computed in the step 4. Then, 266 

the parameter combination with the lowest MSE is identified as the optimal. 267 

Hybrid prediction model based on CFS-CVGS-RF. 268 

This paper proposes a CFS-CVGS-RF model to predict NH3 in a geese house. The methodology for 269 

conducting this model is shown in Fig.5. The implementation process for NH3 prediction based on 270 

CFS-CVGS-RF can be described as follows: 271 

 272 



• Step 1: Data normalized processing. Different data of geese house environment has other units 273 

and dimensions, using the original data directly will make the model complex and will also 274 

decrease the performance of prediction. To address this problem, we use the normalization that 275 

can eliminate the difference between the data units and dimensions and facilitates the study of 276 

the correlation between environmental factors. The normalized process method is described by: 277 

                                      (10) 278 

where 𝑦𝑖′ are the normalized data, 𝑦𝑚𝑎𝑥 and 𝑦𝑚𝑖𝑛 are the max and min values of the original 279 

data, and 𝑦𝑖 and 𝑦 are the original data and its mean. 280 

 281 

• Step 2: Feature selection based on CFS. CFS selects the features that are strongly related to NH3 282 

and eliminates the low-importance factors. The remaining features are used as the input to the 283 

regression model. CFS reduces the dimension of input and solves the problem of information 284 

redundancy. In the CFS process, we first compute linear and non-linear correlation strengths 285 

between each environmental factor and target(NH3) by using relief-F and MI, respectively. The 286 

final feature importance is the sum of two different dimensions features important values after 287 

normalization. Then, threshold 𝑀 is set to the screen factor with feature importance lower the 288 𝑀. 289 

•  290 

• Step 3: CVGS-RF modelling. RF has two key parameters, namely, the number of DT 𝑃 and size 291 

of the random feature subset 𝑚𝑡𝑟𝑦. To find the optimal values of these two parameters, we 292 

adopt the CVGS method. In the CVGS process, we first establish the grid coordinates of the 293 

parameters. In this paper, combining the RF related literature 29 and the experimental 294 

parameters wave motion, we set 𝑃 = [2,1000] and 𝑚𝑡𝑟𝑦 = [2,4]. Then, the data set is divided 295 

into 𝐾 subsets, where 10-fold (𝑘 = 10) cross-validation is considered to be better 30. After 𝑘 296 

parallel operations, each parameters’ combinations have 𝑘 MSE. According to the mean of each 297 

calculation results, we select the parameter combination with minimum average MSE as the 298 

optimal parameters and establish the RF model using these values. 299 

• Step 4: Result output denormalization. Denormalize the output to obtain the results in the 300 

normal dimension. The denormalize process is described by: 301 

                                 (11) 302 



 303 

where 𝑦𝑖 is the denormalized data, 𝑦𝑚𝑎𝑥 and 𝑦𝑚𝑖𝑛 are max and min value of original data, and 𝑦𝑖′ 304 

and 𝑦 are the original data and its mean. 305 

 306 

In this article, a simulation model was built in order to validate the performance of the proposed 307 

method. The NH3 was tested in a high-density geese culture farm from September 10st to September 308 

27st, 2019 in Sanwei city, Guangdong province. Fig.6 shown the feature importance computed by CFS 309 

for each factor, and the performances of different threshold M are given in Table 1. The P and mtry 310 

combinational parameters of optimal CVGS-RF model are 500 and 3, respectively, and the MSE 311 

values for different parameter combinations are shown in Fig.7. It is observed that after growing 100 312 

trees, the MSE value decreases very slowly and apparently converges after 500 trees, with mtry=3 313 

resulting in the lowest MSE. Fig.8 shows the NH3 series prediction result obtained by the combined 314 

model based on CFS-CVGS-RF. The performance estimation statistics of the testing are given in Table 315 

2. Fig.9 shows the residual distribution of the proposed model. The results of NH3 prediction 316 

demonstrate the robustness and effectiveness of CFS-CVGS-RF. 317 



 318 

Fig.5. The schematic of the proposed methodology. 319 

 320 

Results and discussions 321 

Experimental environment and settings 322 

The geese house environment data considered in this investigation include the data obtained at the 323 

intervals of twenty minutes from September 10 to September 27, 2019. Seventy-two sets of data 324 

collected per day yield a total of 1296 observations samples. For a model generation, the first 864 sets 325 

of the data were used for model training, and the remaining 432 sets were used as the testing data to 326 

estimate the prediction performance of the constructed model. 327 

 328 

To confirm the superiority of the framework constructed in this research, we designed a script with 329 

Python 2.7vision following the system framework described in Section 3. The script is executed on 330 



the Win10 operation system with Intel Core i5, 4 GB RAM, and 500G hard disk. We use the optimal 331 

parameter combination (P=500, mtry=3) for the prediction model of NH3 by the CVGS algorithm. 332 

According to Fig.6 and Table2, the used features include outdoor humidity, TPS, CO2 and indoor 333 

temperature as the optimal input for the model to forecast NH3 in this paper. 334 

 335 

Performance criteria 336 

For a reasonable evaluation of each prediction model, three commonly used error standards are 337 

proposed to measure the prediction accuracy of the model, including MSE, RMSE and MAPE. The 338 

relevant calculation formulae are: 339 

 340 

                                 (12) 341 

                              (13) 342 

                            (14) 343 

Results and analysis 344 

Following the method introduced in this article, we use relief-F to compute the linear relation 345 

strength between each factor and NH3, and we use MI rather than relief-F to compute the non-linear 346 

relation strength. Fig.6 shows the normalized results of relief-F and MI, and it is observed that 347 

outdoor humidity has the highest relation and solar radiation has the lowest relation with NH3. To 348 

find the optimal input feature combination, the threshold M was changed from 0 to 2. The sensitivity 349 

test results of M were recorded in Table 1, and it is observed that the combination of outdoor 350 

humidity, TPS, CO2 and indoor temperature features was the optimal input combination. Fig.7 351 

illuminates the change of the fitness value, with the three convergence curves showing the best fit for 352 

RF. Three fitness curves show that after growing 100 trees, the MSE decreases very slowly and 353 

apparently converges after 500 trees, and mtry=3 results in the lowest MSE. 354 

 355 

To analyze and compare prediction performance, two types of comparison were designed: (1) 356 

horizontal comparison between the model with CFS and the model without CFS and (2) vertical 357 

comparison between the models used in this paper with other parallel models. The horizontal 358 

comparison includes the CVGS-RF model, and vertical comparison consists of the benchmarks used 359 



in this DT, support vector machine and back propagation neural network (BPNN). To verify the 360 

performance forecasted by the models in this paper, these models used data sets and predict the NH3 361 

content of the last 72 test sets corresponding to the last 24 hours. Fig.8 and fig.9 show the prediction 362 

curves and the error bar plot. 363 

 364 

It is observed from the figures that the prediction curve of the CFS-CVGS-RF model is closer to the 365 

original value than the prediction curves of the other four models, and has better accuracy than the 366 

other four models It can be seen from the prediction error box plot (fig.10) that the CFS-CVGS-RF 367 

model has smaller error fluctuations than the other model, and the CVGS-RF model using feature 368 

combination after feature selection by CFS has smaller forecast error fluctuations than CVGS-RF 369 

without feature selection, indicating that CFS is effective. 370 

 371 

Table.1. The sumulation results of CFS. 372 

M Accuracy Running time(second) Eliminated feature 

0 82.0% 6.817  

… … … … 

1.0 88.1% 6.489 Solar radiation 

1.2 94.3% 6.286 Atmospheric pressure 

1.4 95.6% 5.850 
Outdoor temperature 

Indoor humidity 

1.6 78.5% 5.194 
TPS 

Indoor temperature 

1.8 16.1% 4.945 CO2 

2.0 NaN NaN Outdoor humidity 

 373 

For a more accurate comparison of the performance of five models, this article computes MSE, RMSE 374 

and MaxMAPE of those models for which the details are shown in Table 2. The MSE, RMSE and 375 

MAPE of CFS-GS-RF and GS-RF were 0.5072, 0.6583, 2.88% and 1.2658, 1.2851, 9.10%, respectively. 376 

These values are the best estimation indexes among the five models. Fig.8 describes the prediction 377 

residual distribution condition of five models, and it is observed that CFS-GS-RF has fewer outliers 378 

and overall error closer to zero for the residual error compared with other models. This mean that 379 

CFS-GS-RF has more stability for forecasting results and is more suitable for the prediction of NH3. 380 

 381 

Conclusions  382 

This paper proposes a novel NH3 prediction hybrid model (CFS-CVGS-RF). The CFS-CVGS-RF 383 



model consists of a combination of four methods: relief-F, mutual information, K-fold cross-384 

validation grid search optimization algorithm and random forest. Using actual experimental geese 385 

house environment data from a monitored aquaculture factory farm in Sanwei city, China. Results 386 

clearly show that the proposed hybrid method CFS-CVGS-RF has better forecasting performance 387 

than CVGS-RF, DT, SVM and BPNN, as measured by MSE, RMSE and MaxMAPE. Furthermore, 388 

CFS-CVGS-RF can effectively consider the linear and non-linear relations between the input features 389 

and the target, reduce redundant information and improve the prediction performance of the model 390 

by screening the unrelated or low-relation features. 391 

 392 

Fig.6. Feature importance computed by Relief-F and MI. 393 

 394 

Fig.7. The results of K-fold cross-validation grid search. 395 
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Fig.8. Horizontal comparison results. 400 

 401 
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Fig.9. The vertical comparison results. 408 

 409 

Table.2. Comparison of NH3 prediction results. 410 

Model CFS-CVGS-RF CVGS-RF DT SVM BPNN 

MSE 0.5072 1.2658 0.7922 1.5179 0.6667 

RMSE 0.6583 1.2851 1.2047 1.7400 1.1764 

MaxMAPE(%) 2.88 9.10 7.04 11.25 6.23 

 411 

Our study has several limitations that require further research. First, predicting NH3 is a very 412 

complex issue that is influenced by many factors; however, due to equipment limitations, we cannot 413 

monitor more related factors that may strongly influence NH3. Second, concerning experimental 414 

time, in the future, we plan to collect data in other months to verify whether the proposed model is 415 

useful for a different season. Finally, we plan to investigate the use of other ensemble strategies 416 

instead of a simple averaging method to improve the RF, such as weighted averaging, weighted 417 

voting. 418 



 419 

Fig.10. Boxplot of Residual error in different models. 420 

 421 

Data availability 422 

Data or code presented in this study are available on request from the corresponding author. 423 
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