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Keywords: Abstract. Numerous mathematical expressions for growth models have been developed, but each
Growth  curve,  broiler, . . o . . . s
e . . has its own characteristics and limitations. Therefore, this study has investigated whether artificial
artificial intelligence,
regression model intelligence (Al) methods can be an alternative to these models. To this aim, four nonlinear (NL) models

(logistic, Richards, Gompertz-Laird, and von Bertalanffy) and three Al techniques — artificial neural

networks (ANN), integrated adaptive neuro-fuzzy inference systems with grid partitioning and

subtractive clustering (ANFIS-GP and ANFIS-SC) — were used to analyze growth. Some statistical

methods, including the mean absolute error (MAE), root mean square error (RMSE) and mean absolute

percentage error (MAPE) were used to evaluate the model performance. As a result of the study, it was

. determined that the ANFIS-SC model yielded a better fit with the broiler data due to its low MAE,
*Corresponding author

erdem_kt@hotmail.com RMSE, and MAPE values (7.68 g, 11.93 g, and 1.06%, respectively). The overall recommendation of this

study is that the Al models could be used as an alternative to determine a broiler growth curve.

Etlik Pili¢ Biiyiime Egrisinin Tahmininde Yapay Zeka ve Dogrusal Olmayan Modellerin
Karsilastirmali Analizi

Anahtar kelimeler: Ozet. Biiyiime modelleri icin cok sayida matematiksel ifade gelistirilmistir, ancak her birinin kendine
Blyime egrisi, etlik pilic,
yapay zeka, regresyon
modeli bu modellere alternatif olup olamayacadi arastinlmistir. Bu amacla biiyimeyi analiz etmek icin dort

has ozellikleri ve sinirlamalari bulunmaktadir. Dolayisiyla bu ¢alismada yapay zeka (YZ) ydntemlerinin

farkli dogrusal olmayan model (NL) (lojistik, Richards, Gompertz-Laird ve von Bertalanffy) ve Ug farkli
YZ teknigi - yapay sinir aglari (YSA) ve uyarlamali sinirsel bulanik gikarim sisteminin farkli ydntemleri
izgara bolimleme (ANFIS-GP) ve eksiltici kiimeleme (ANFIS-SC)) kullaniimistir.  Modellerin
performansini dederlendirmek icin ortalama mutlak hata (MAE), ortalama karekok hata (RMSE) ve
ortalama mutlak yiizde hata (MAPE) gibi bazi istatistiksel ydntemler ele alinmistir. Calisma sonucunda
ANFIS-SC modelinin en disik MAE, RMSE ve MAPE degerleri (sirasiyla 7.68 g, 11.93 g ve %1.06) ile
gergek agirlik verileriyle daha iyi uyum sagladigi tespit edilmistir. Sonug olarak YZ modellerinin etlik

pilic biytme egrisini belirlemek igin alternatif olarak kullanilabilecegi belirlenmistir.
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INTRODUCTION

Broiler industry requires birds that can grow faster and produce a high-quality carcass in the shortest time. It
is important for broiler businesses to have sufficient information about the growth of the chickens in terms of
profitability and continuity (Chang, 2007; Abdurofi et al., 2017).

Growth curves, an economically important feature of the broiler industry, are used to describe the changes in
weight and body size per unit of time or age. Modeling growth curves is advantageous because it enables
visualization of growth patterns over time, and the resulting equations can be used to predict the expected weight
of chickens at a given age (Eleroglu et al.,, 2014; Koushandeh et al., 2019).

Some nonlinear (NL) models (e.g., logistic, Richards, Gompertz-Laird, and von Bertalanffy) have been used
widely to describe poultry growth curves, and the comparison of NL models was generally recommended to
determine the best model based on different assessment criteria for species, strains, and even different lines.
Numerous researchers have used NL models to investigate and characterize the growth curves of various poultry
species, including Cetin et al. (2007), Balcioglu et al. (2009), and Sariyel et al. (2017) in partridge, Raji et al. (2014),
and Narinc et al. (2014) in quail, Vitezica et al. (2010) and Tang et al. (2010) in duck, Sengul and Kiraz (2005) and
Porter et al. (2010) in turkey, van der Klein et al. (2020) in laying hens, and Roush et al. (2006), Topal and Bolukbasi
(2008), Ahmad (2009), Sekeroglu et al. (2013), Demuner et al. (2017) and Koushandeh et al. (2019) in broiler. These
NL models can describe the growth of chickens, but each one has unique characteristics and shortcomings (Norris
et al., 2007).

Recently, artificial intelligence (Al) techniques offer an alternative to complicated NL models. A significant
advantage of using Al compared to NL models is that Al modeling could only be performed on a dependent
variable, and it is also possible to design various types of the variable in Al modeling. This results in less time and
resource waste, a more accurate error estimation, and less variability in data collection under various conditions.
Another important advantage of Al models is that they could effectively handle the nonlinearity and complexity
of a system and overcome the limitations of NL models (Haykin, 2010; Shanmuganathan, 2016). In recent years,
several studies have been performed to compare the performance of artificial neural networks (ANN) and NL
models in broiler growth estimation (Roush et al., 2006; Ahmad, 2009; Koushandeh et al., 2019).

These studies have contributed significantly to the knowledge base regarding the ANN technique in poultry
houses. However, to our knowledge, no comprehensive study has been conducted to compare different NL
models, neuro-fuzzy, and neural networks techniques for broiler growth curve.

Therefore, the main objective of the present study is to compare the different Al techniques and NL growth
models to identify which is most suitable for the data of the "Ross 308" chickens.

MATERIAL AND METHOD

The research was conducted in Samsun, Turkey (41°70' N, 36°30' E), at a commercial broiler farm. The farm
had a length of 90.00 m, a width of 14.00 m, and a height of 3.80 m (Figure 1).

Figure 1.The dimensions of the broiler house.
Sekil 1. Ktimesin boyutlart.
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Chickens from the "Ross 308" breeding stock were reared until 40-42 days old. Ventilation, heating, lighting,
feeding, and watering were all controlled by an automatic control system. Chicken weights were recorded daily
at eight rearing seasons (Table 1) using an electronic poultry weighing scale. The average of eight rearing seasons
was used as the body weight of chickens for the growth curve to be modeled.

Table 1. Broiler rearing seasons and dates.
Cizelge 1. Etlik pili¢ yetistirme dénemleri ve tarihleri.

Seasons Dates Number of birds
S1 03.02.2018-16.03.2018 20,035
S2 09.04.2018-20.05.2018 19,840
S3 12.06.2018-22.07.2018 24,000
S4 09.11.2018-19.12.2018 19,440
S5 09.01.2019-18.02.2019 17,760
S6 14.03.2019-24.04.2019 18,000
S7 16.07.2019-26.08.2019 18,240
S8 11.09.2019-23.10.2019 18,384

Nonlinear (NL) Model
Four growth models were selected to characterize the growth pattern of "Ross 308" chickens: Logistic (Eq. 1),
Richards (Eq. 2), Gompertz-Laird (Eqg. 3), and von Bertalanffy (Eq. 4). Mathematical equations were as follows:

Logistic —> W, =W, /[1+exp—K(t—t,)] (1)

Richards — W, =W, [1—(1— m)exp| -K (t—t;) /m™ ¢ ]]U(lfm) 2)
Gompertz-Laird — W, =W, exp|[ (L/K)(1-exp—Kt)] 3)
Von Bertalanffy - W, =W, [1-B exp"K‘))]3 4)

where, W; is the bird weight at time ¢ (g), Wo is the initial (hatch) weight (g), K is the maximum relative growth
(g D", L is the instantaneous growth rate (g D), t; is the age at the maximum rate of growth (D), and m is a shape
parameter and B is the integration constant. The asymptotic weight (W,) (g) and age of maximum growth (t;) (D)
were estimated using the following formulas:

t, =(1/K)log(L/K) ©)
W, =W, exp(L/K) (6)

Artificial Neural Networks (ANN)

This paper employed multi-layered feedforward back-propagation (MLP) during network training due to its
speed and power. The tangent sigmoid (tansig) and linear transfer functions (purelin) were used in the hidden
and output layers, respectively. The MLP can have multiple hidden layers; however, studies have shown that a
single layer is sufficient for any neural network to approximate complex nonlinear functions. Therefore, one
hidden layer was tested, and the number of neurons changed from 7 to 15 to achieve the optimal training
network.

Adaptive Neuro-Fuzzy Inference System (ANFIS)

This system combines the fuzzy inference system's decision-making process (FIS) with the learning capability
of ANN. As is the case with ANN, ANFIS learns with samples from a training set. This method yields the optimal
network structure for resolving the problem at hand. The test procedure is carried out on previously unobserved
samples, which enables the identification of the effect. The smaller error values attest to the conformity of the
ANFIS model. One of ANN's primary drawbacks is its inability to justify the weight values acquired. This problem
is addressed by the FIS, which is incorporated into the ANFIS structure. Different identifications such as subtractive
clustering (SC) and grid partitioning (GP) can be applied in the ANFIS model. It is necessary to define the
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appropriate cluster radius in ANFIS-SC to apply fuzzy rules. The cluster radius denotes a cluster's sphere of
influence, assuming that the data space is a unit hypercube, with a range of zero to one. The smaller the cluster
radius, the more rules are generated, while the larger the cluster radius, the fewer rules are generated. Suitable
values for radii usually fall between 0.2 and 0.5. To determine the best estimation model, the cluster radius in this
study ranged between 0.1 and 1. In ANFIS-GP models, three methods, including Gaussian, triangular, trapezoidal,
and three membership functions (MFs) (3, 4, and 5), were considered in the data processing.

Model Performance Evaluation Criteria
The mean absolute error (MAE), root mean square error (RMSE) and mean absolute percentage error (MAPE)
were used to evaluate model performance. The equations are expressed as follows (Waller, 2003):

(|Xmea,i Xest,i )

MAE — i=1 (7)
n

(Xmea,i - Xest,i)2

RMSE = \/ i1 ®
n
. Xmea,i - Xest,i
=) X eai 9)
MAPE = x100

n
where Xmeq,i is the measured value of variable, X is the estimated value of variable, and n is the data number.
RESULTS AND DISCUSSION

The studied training and testing data for the estimation of chicken weight are presented in Table 2. Starting
from day O, the even numbers of data were used as training, while the odd numbers of data were used as testing.

Table 2. Broiler weight data used for modeling in training and testing.
Cizelge 2. Egitim ve test icin modellemede kullandan pilic agurlik verileri.

Training Testing

Age (D) Weight (g) Age (D) Weight (g)
0 46 1 55

2 70 3 85

4 103 5 125
6 146 7 170
8 201 9 236
10 275 11 315
12 364 13 423
14 482 15 536
16 599 17 673
18 740 19 797
20 876 21 978
22 1044 23 1118
24 1204 25 1294
26 1361 27 1388
28 1505 29 1585
30 1662 31 1762
32 1881 33 1959
34 2008 35 2118
36 2187 37 2260
38 2353 39 2408
40 2449 41 2485
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Four NL models, including logistic, Richards, Gompertz-Laird, and Von Bertalanffy, and three Al models,
namely ANN, ANFIS-GP, and ANFIS-SC, were used to explore the "Ross 308" chickens growth patterns. The
developed equations for four NL models for growth are presented in Table 3.

Table 3. Developed NL model equations for growth.
Cizelge 3. Biiyiime modelleri icin gelistirilmis NL esitlikleri.

Model Equation

Logistic W, = 2878.01/ [1+ exp—0.13(t — 26.90)]

Richards W, = 4057.52[ 1+ 0.03exp[ -0.02(t - 27.83) /1.03 ||
Gompertz-Laird W, = 4143.98exp|-log(4143.98/0.09) exp(-0.05t)

von Bertalanffy W, =6217.74[1-0.87exp % |

A developed ANN model can be represented as:

BroilerWeight = " - 2 —1| w,(k)b, (10)

- 1+exp£—2(i > ((Wl(i,j)x(i))+b1(j))n

j=11

wr, wz and by, b, are the weight and bias values of the network, respectively, x symbolizes the input data, m
and n are the number of neurons in hidden and input layers, respectively. The ws, wz, b;, and b; values of the
developed model are given in Table 4.

Table 4. Weight and bias values of the network.
Cizelge 4. Agin agrlik ve bias degerleri.

Weights Biases
[ 32.002] [ 6405447 [ 32.657]
26.414 75.914 42.047
0.077 946.895 -1.565
3.110 48.784 10.923
-1.201 117.264 -19.147

%=1 0130 W2 =1 405,303 b=l e b, =[585.33]

~7.459 ~100.590 -29.137
-11.897 2.324 51.763
—29.796 1.457 4719
| -17.098 | | 1164 | 43.657 |

ANFIS-GP model with Gauss method (3 MF) was selected as the best model, whereas ANFIS-SC with the cluster
radius of 0.234 yielded the best results for estimating BW.

In the training period, it is obvious from Table 5 that the MAE values were 31.41, 20.67, 10.53, 16.78, 6.70, 4.53,
and 5.39 g for logistic, Richards, Gompertz-Laird, von Bertalanffy, ANN, ANFIS-GP, and ANFIS-SC, respectively.
The results indicate that the ANFIS-GP model had the lowest MAE (4.53 g), whereas the logistic model had the
highest value (31.41 g). Similarly, the RMSE value for ANFIS-GP was 6.36 g, while it was 35.05 g for logistic.
Additionally, MAPE values for Al models ranged between 0.59 and 0.81%, whereas they varied between 2.22 and
12.34% for NL models.

In the testing period, the MAE values varied between 14.47-32.23 g and 7.68-8.99 g for NL and Al models,
respectively. As with the MAE criterion, the ANFIS-SC model had the lowest RMSE value (11.93 g), while the logistic
model produced the highest RMSE value (36.28 g). Similarly, MAPE values varied between 1.06 and 10.64%,
depending on the model under consideration (Table 6).
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Table 5. Error values of NL models and Al techniques used to predict weights for training dataset.
Cizelge 5. Egitim veri seti icin agurlik tahmininde kullanilan NL ve YZ tekniklerinin hata degerleri.

. i . Gompertz- von

Weight (g) Logistic Richards Laird Bertalanffy ANN ANFIS-GP  ANFIS-SC
46 84.61 52.46 39.42 14.92 46.00 4534 45.89
70 108.78 80.54 63.99 38.77 70.00 71.88 70.49
103 139.51 118.79 98.76 76.96 103.00 100.44 102.04
146 178.37 168.89 145.69 130.51 144.21 147.29 146.71
201 227.16 232.19 206.40 199.56 202.86 202.78 201.94
275 287.86 309.58 282.01 283.65 276.51 270.95 272.10
364 362.57 401.40 373.00 381.88 366.86 368.47 368.69
482 453.27 507.39 479.20 493.04 474.68 478.98 477.23
599 561.59 626.74 599.80 615.77 599.21 600.26 600.71
740 688.46 758.12 733.41 748.61 737.99 738.69 739.92
876 833.67 899.83 878.22 890.05 887.03 880.14 879.11
1044 995.58 1049.86 1032.09 1038.64 1041.70 1036.42 1036.05
1204 1170.92 1206.07 1192.70 1192.96 1198.15 1212.19 1212.52
1361 1354.92 1366.26 1357.73 1351.65 1354.85 1359.24 1359.51
1505 1541.72 1528.29 1524.89 1513.47 1513.33 1495.58 1495.95
1662 1725.10 1690.18 1692.06 1677.28 1677.33 1677.84 1680.17
1881 1899.30 1850.14 1857.35 1842.04 1849.29 1865.90 1859.84
2008 2059.66 2006.61 2019.10 2006.80 2025.42 2016.37 2020.27
2187 2203.08 2158.30 2175.96 2170.75 2193.81 2185.17 2189.69
2353 2328.08 2304.16 2326.81 2333.15 2339.73 2352.78 2344.87
2449 2434.58 244339 2470.83 2493.37 2454.02 2449.29 2452.29
MAE 31.41 20.67 10.53 16.78 6.70 453 5.39
RMSE 35.05 24.30 13.56 20.26 10.08 6.36 7.87
MAPE 12.34 5.87 2.22 8.28 0.61 0.81 0.59

Table 6. Error values of NL models and Al techniques used to predict weights for testing dataset.

Cizelge 6. Test veri seti icin agtrlik tahmininde kullandan NL ve YZ tekniklerinin hata degerleri.

. .. . Gompertz- von

Weight (g) Logistic Richards Laird Bertalanffy ANN ANFIS-GP  ANFIS-SC
55 95.96 65.34 50.56 25.15 55.61 59.43 57.99
85 123.23 98.28 79.97 55.98 84.16 84.42 84.76
125 157.82 142.27 120.59 101.79 119.82 121.84 122.81
170 201.40 198.83 174.24 163.11 171.79 174.53 173.13
236 255.89 269.09 242.30 239.78 237.69 233.71 234.15
315 323.33 353.69 325.58 331.07 319.52 316.61 317.57
423 405.80 452.66 424.24 435.92 418.59 423.04 422.00
536 505.15 565.46 537.78 553.05 534.97 537.36 536.36
673 622.69 691.02 665.09 681.02 667.04 668.20 669.49
797 758.83 827.81 804.55 818.35 811.52 809.17 809.46
978 912.70 973.94 954.16 963.55 963.94 954.76 953.46
1118 1081.84 1127.33 1111.70 1115.17 1119.87 1124.67 1124.84
1294 1262.19 1285.80 1274.81 1271.83 1276.45 1290.58 1291.41
1388 1448.36 144717 1441.18 1432.24 1433.66 1424.62 1423.67
1585 1634.22 1609.37 1608.60 1595.20 1594.40 1579.91 1583.33
1762 1813.67 1770.50 1775.05 1759.61 1762.36 1777.40 177436
1959 1981.44 1928.90 1938.76 1924.48 1937.41 1942.81 1939.76
2118 2133.61 2083.12 2098.22 2088.93 2111.54 2095.85 2104.23
2260 2267.91 2232.01 2252.19 2252.18 2270.36 2276.08 2271.66
2408 2383.60 2374.64 2399.72 2413.57 2401.04 2408.75 2405.61
2485 2481.19 2510.34 2540.08 257248 2498.94 2481.70 2485.16
MAE 32.23 24.51 14.47 20.42 8.99 8.76 7.68
RMSE 36.28 27.62 20.53 27.71 13.56 12.83 11.93
MAPE 10.64 5.98 2.11 6.78 1.99 1.32 1.06
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After comparing the results of NL and Al models, model estimation ability (ANFIS-SC > ANFIS-GP > ANN >
Gompertz-Laird > Richards > von Bertalanffy > logistic) was determined for chicken weight estimation. At an
early age, von Bertalanffy and Gompertz-Laird models underestimated weights, whereas the logistic model
overestimated weights. Richards model was consistently overestimated weights at all ages. Yakupoglu and Atil
(2001) compared the Gompertz and von Bertalanffy models to weekly body weight values in broiler flocks, and
they reported that Gompertz was better than von Bertalanffy. Adenaike et al. (2017) found that Gompertz and
von Bertalanffy models performed equally well at predicting chicken growth curves. Mouffok et al. (2019) stated
that the Gompertz model was the most suitable for estimating broiler weight before four weeks of age, and after
one month of age, the von Bertalanffy model was the best predictor of light chicken weights.

The growth pattern for "Ross 308" chicken by actual broiler weight and ANFIS-SC model are presented in
Figure 2. Comparing the estimations with other Al studies, the RMSE and MAPE values of developed model were
found lower than the studies of Berberoglu and Ozkan (2020), Koushandeh et al. (2019), and Roush et al. (2006).
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Figure 2. The weight of broilers used as testing data for the ANFIS-SC.
Sekil 2. ANFIS-SC modeli icin test verisi olarak kullanian etlik pilic agirligi.

Applying an Al model to make predictions for poultry growth, several advantages can be achieved, such as
faster predictions using less time and resources. Al models are more accessible, require fewer variables, and
perform more efficiently when determining poultry growth, but only if the data is appropriately handled.

CONCLUSION

In this research, the growth model of "Ross 308" chicken was compared using NL models and Al techniques.
Based on the comparison of these results, Al techniques were superior to NL models for modeling broiler growth.
Of all Al techniques studied in this research, the ANFIS-SC model best describes the growth pattern of "Ross 308"
chicken based on MAE, RMSE, and MAPE (7.68 g, 11.93 g and 1.06%, respectively) for the testing data. In summary,
this study demonstrates that Al techniques could be used effectively to identify broiler growth curves and is thus
recommended as an alternative approach.
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