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Introduction

Efficient use of energy in paddy production can lower greenhouse gas emissions, safeguard agricultural
ecosystems, and promote the growth of sustainable agriculture. Meanwhile, intelligent agriculture has come to
the aid of farmers and policy-makers by harnessing cutting-edge technologies, which will lead to sustainable
welfare and the comfort of human society in the present and the future. Therefore, this study aimed to analyze
energy consumption and production, as well as model and optimize the yield of two paddy cultivars using
Artificial Bee Colony (ABC) and Genetic Algorithms (GA).

Materials and Methods

Extensive research data was collected by thoroughly examining documentary and library resources, as well
as conducting face-to-face questionnaires with 120 paddy farmers and farm owners in Rezvanshahr city, located
in the province of Guilan, Iran, during the 2019-2020 production year. The farms consisted of 80 high-grading
and 40 high-yielding paddies. The independent variables were machinery, diesel and gasoline fuels, electricity,
seed, compost and straw, biocides, fertilizers, and labor. The dependent variable was paddy yield per hectare [of
the farm area]. In the first step, energy consumption and production were calculated by multiplying the variables
by their corresponding coefficients. In the second step, all the variables that maximize paddy yield were entered
into MATLAB software. An artificial bee colony (ABC) algorithm with a novel and straightforward elitism
structure was utilized to enhance the fitness function of the genetic algorithm (GA). The Sphere, Repmat, and
Unifrnd functions were employed to determine the objective function, define the position of the bee colony, and
quantify the position of the bee colony, respectively. In each generation, 900 new solutions were created, and the
algorithm iterated 200 times. For the genetic algorithm, the population was defined as a double vector with a size
of 100.

Results and Discussion

The findings revealed that the Hashemi (high-grading) paddy cultivar had an average energy consumption
and production of 55.973 and 30.742 GJ-ha'!, respectively. The Jamshidi (high-yielding) paddy cultivar had an
average energy consumption of 54.796 GJ-ha! and double the energy production of the Hashemi at 62.522
GJ-ha’. In both cultivars, agricultural machinery consumed the highest amount of energy, while straw consumed
the lowest amount. The average energy consumption of tractors in the Hashemi and Jamshidi cultivars was
25.111 and 25.865 GJ-hal, respectively, accounting for 44.862% and 47.202% of the total average consumed
energy. This undoubtedly demonstrates the significant effect of this input and reflects the operators' skill and
experiential knowledge. The evaluation indexes, including R?, RMSE, MAPE, and EF, as well as statistical

©2024 The author(s). This is an open access article distributed under Creative Commons
BY Attribution 4.0 International License (CC BY 4.0).

¢ https://doi.org/10.22067/jam.2022.77064.1108



mailto:aghkhani@um.ac.ir
https://doi.org/10.22067/jam.2022.77064.1108
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.22067/jam.2022.77064.1108
https://orcid.org/0000-0001-6117-5347
https://orcid.org/0000-0002-9839-0531
https://orcid.org/0000-0001-7599-2081
https://jame.um.ac.ir/

VPeF bl oF o lois IO oo (655l s mislo a3 s VFF

comparisons such as mean, STD, and distribution, consistently demonstrated that the ABC algorithm provided
the essential conditions for the fitness function. The results of the bee-genetic algorithm optimization revealed
that the majority of the consumed resources could be effectively managed on the farm to closely match optimal
conditions. Through this optimization, energy consumption in the Hashemi and Jamshidi cultivars was reduced
by 53.96% and 39.41%, respectively.

Conclusion

Given its impressive performance and potential for minimizing energy consumption, the ABC-GA algorithm
offers an opportunity for policymakers in energy resource management and rice industry managers to develop
innovative strategies for significantly reducing energy usage in rice production. This approach could lead to
more sustainable and efficient practices in the agricultural sector.
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Fig.2. Artificial Bee Colony algorithm
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2- K-fold cross validation
3- Paired t-test

4- F-test

5- Anderson-Darling test
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Table 2- The average energy inputs and output of two cultivars of paddy (MJ.hal)

o3l coild  gomiva (7) @ylis D3/ 03ls bl gamben (7) gl
Input Hashemi  Jamshidi lefg/roence Input/output Hashemi  Jamshidi lef((e)/roence
K s 9y il 12195 108161 12.748
Labor ZincSulphate
2 sy 333.98 334.41 -0.13 O
Male Labor Fuels & Electricity
03 B 168.5 166.01 15 J)’D 12979.04 12546.41 3.44
Female Labor Diesel
&9t slapilo O
Agricultural Gasélihe 42.3 49.54 -17.1
Machinery
5515 25111 25865.33 -3 ‘5""_ . 661.24 643.29 2.79
Tractor Electricity
Ak 787.67  596.72 32 3l
Puddler Organic matter
2915) 960.22  926.06 3.688 ok 1591.00  1273.03 24.977
Rotavator Seed
el 498.88 481.94 3.514 . 390.89 309.59 26.26
Planter Compost
592 699.3 618.22 13.135 5 o8 38.2 30.05 27.12
Reaper Straw
CgSieyt 1261.28 1262.77 -0.118 @w foe-e
Thresher Biocides
lesd sloss oS cile 252.28 210.95 19.592
Fertilizers Herbicide
‘:’5”:’5 5955.98 5591.17 6.524 "5“5‘ 1128.68 114355 -1.317
Nitrogen Pesticide
Slis 1092.11 851.58 28.243 ""Sob 253.22 206.62 22.553
Phosphate Fungicide
o 507.74 491.96 3.207 (Pran Egee 55973.03 54796.32
Potash Total Consumed
B) Output
30742 62522
38des 5o
Total yield
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Fig.3. Share of energy input distribution across three stages (MJ.ha')
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Table 3- Results of GA-ABC model with cross-validation method in training and test phases for the Hashemi cultivar

.. Test Train
52929 S e TDS R RMSE  MAPE R RMSE  MAPE

Input variables R (x1073) (x109) EF R (x10%) (x107%) EF
5 oy 90 09090 1.0300 2.5500  0.8802 09032 10400 25561  0.9007
Labor 80  0.9091 10299 25498  0.8802 09032 1.0400 25560  0.9008
E3shiS slapeile 90  0.8905 11131 25771 0.8625 08940 11130 25551  0.8886
Agricultural machinery 80  0.8915 11128 25770  0.8625 08943 11129 25545  0.8893
byt 90 09034 10980 24436  0.8895 09090 11037 24421  0.8980
Biocides 80 09038 10978 24436  0.8899 09096 11032 24419  0.8985
srhasdogs 90 09094 10400 22610 0.8893 09096 10224 22010 0.8905
Fertilizers 80 09098 10398 22610 0.8896 09099 10222 22009  0.8908
Gt 5 B 90 09115 10055 22805 0.8998 08956 11009  2.2906  0.9055
Fuels & Electricity 80 09119 10051 22805  0.8999 08959 11009 22901  0.9059
S olge 90 09096 10087 20190 0.8993 09098 10599 22301 0.9088
Organic matters 80 09099 10084 20189  0.9003 09107 10595 22299  0.9098

et o8 sl oseil 5 Ghigel sloalsyo 5 gblie (i sl (39, L GA-ABC Jao gl € Jgoa
Table 4- Results of GA-ABC model with cross-validation method in training and test phases for the Jamshidi cultivar

£3933 (SUb peiio Test Train
C TDS 2 RMSE  MAPE 2 RMSE MAPE

Input variables R (x103) (x103) EF R (x10) (x10) EF
K oy 90 0.9231 0.9775 1.2220 0.9413 0.9532 0.9668 1.0029 0.9509
Labor 80 0.9235  0.9774 1.2220 0.9415 0.9539  0.9662 1.0022 0.9509
Si9lsS syl 90 0.9166  0.9634 1.4487 0.9309 0.9511  0.9619 1.0001 0.9333
Agricultural machinery 80 0.9177  0.9630 1.4474 0.9317 0.9512  0.9619 1.0000 0.9338
pgous 90 0.9090  0.9510 1.0243 0.9199 0.9469  0.9667 1.0442 0.9377
Biocides 80 0.9093  0.9510 1.0242 0.9199 0.9469  0.9667 1.0442 0.9379
obosddgS 90 0.9128  0.9677 1.0020 0.9335 0.9502  0.9532 1.0201 0.9250
Fertilizers 80 0.9129  0.9677 1.0020 0.9341 0.9503  0.9532 1.0201 0.9256
Gy 9 bCSgw 90 0.9188  0.9851 1.0770 0.9228 0.9600  0.9335 1.0904 0.9508
Fuels & Electricity 80 0.9196  0.9850 1.0770 0.9233 0.9607  0.9331 1.0900 0.9518
S alge 90 0.9102  0.9666 1.1047 0.9000 0.9441  0.8596 1.0412 0.9234
Organic matters 80 0.9112  0.9665 1.1037 0.9008 0.9451  0.8596 1.0403 0.9244
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Table 5- Results of evaluation indexes and statistical comparison of the observed and predicted values

P-value
ofke i)l @iy r2  RMSE  MAPE Er
Mean STD Distribution (x109) (x10°%)

o' 09033 0.9440 0.8330 09411  0.0028 0.0051 0.9655
Slwlre Test

Observed ‘T’:;’;’;]' 090385  0.9621 0.8640 09421 00022  0.0055 0.9669

& 09290  0.9660 0.8590 09441  0.0023 0.0045 0.9778
ol Total

Hashemi . ol 0g950  0.9322 0.9122 09207  0.0013 0.0017 0.9881
RO Test'

Predicted }’;;T‘r’]' 0.8989  0.9660 0.9220 09232 00019  0.0011 0.9887

%‘;’ 09022  0.9610 0.9330 09265  0.0011 0.0009 0.9880

o' 8gog  0.9000 0.8655 09321  0.0018 0.001 0.9804
Slwlre Test

Observed ;:;T;]' 08810  0.9120 0.9533 09311  0.0040 0.0051 0.9807

‘ & 08890  0.9880 0.9777 09312  0.0019 0.0090 0.9808
Gbox> Total

Jamshidi . ol ges50  0.9040 0.9128 0.9204  0.0003 0.0009 0.9917
SRR Test

Predicted 27 08960 09000 0.9260 09367 00026  0.0008 0.9940

%‘; 09000  0.9010 0.9545 09357  0.0006 0.0007 0.9979
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Fig.4. Cross correlation of the observed and predicted values of paddy yield
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Fig.5. Comparison between the consumed and optimum energy input variables (The black and red bars represent the
standard deviation of the mean and optimal, respectively)
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Fig.6. Comparison between the consumed and optimum energy input variables (The black and red bars represent the
standard deviation of the mean and optimal values, respectively)
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