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ABSTRACT
Due to their broad productivity and nutritional value, legumes are used in animal production 
systems. The aim of this study was to evaluate the productive behavior and the chemical quality 
of different varieties of forage soybean (Glycine max (L.) Merr.) using a growth analysis in the 
dry tropics of Mexico. The treatments included the following evaluated varieties: Salcer, Ojo 
de Tigre, Valente, and Albina. The variables determined were total dry matter (TDM), yield by 
component, plant height, intercepted radiation, plants per square meter, weight per stem, crude 
protein, acid detergent fiber, and neutral detergent fiber. The variety with the highest TDM 
yield was Ojo de Tigre, with 5562 kg ha-1, whereas Salcer had the lowest, with 4626 kg ha-1 (p < 
0.05). The intercepted radiation increased with the age of the plant in all four varieties until day 
61 after harvest, reaching an average of 96 %, a value that remained until day 68. The genotype 
with the best attributes in dry matter yields, structural characteristics, and plant height was Ojo 
de Tigre. The optimum moment for harvest was established at day 61, when an average of 95 
% intercepted radiation and better quality were obtained, which defines the optimum cutting 
point for the conditions of the dry tropics of Mexico.

Keywords: legumes, yield, intercepted radiation, crude protein.

INTRODUCTION
In tropical regions of Mexico, prairies are mainly composed of forage grasses (Olivares-
Pérez et al., 2005) and some perennial legumes, planted in protein banks (Pamo et 
al., 2007; Rojas-García et al., 2021) or associated with grasses (Jiménez et al., 2002; 
Benítez-Bahena et al., 2010). However, they face prolonged droughts and management 
limitations in grazing areas. To mitigate this situation, improved grasses have been 
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introduced (Torres-Salado et al., 2020; Ventura-Ríos et al., 2021; Rojas-García et al., 
2024). Nevertheless, the need to identify native or introduced forage legumes that 
provide higher nutritional value and dry matter (DM) yields persists (Maldonado-
Peralta et al., 2023). Traditional animal production has negative impacts on natural 
ecosystems (Benítez-Bahena et al., 2010), and therefore, alternatives such as the use of 
annual legumes, including forage soybean, are considered (Rojas-García et al., 2025; 
Maldonado-Peralta et al., 2025).
Soybean is an annual legume that produces high nutritional quality forage (Pagano 
and Miransari, 2016), with green matter yields between 19 and 30 Mg ha-1 and grain 
yields of up to 3500 kg ha-1 (Tobía and Villalobos, 2004; Tobía, 2011; Hernández et al., 
2013). This forage is appealing to cattle, with a high crude protein content (16.4–17.3 
%), total digestible nutrient levels of 58–68 %, and metabolizable energy between 2.2 
and 2.5 Mcal kg-1 of DM (Garay-Martínez et al., 2021), which helps reduce the use 
of concentrates in the diets of the animals and improves profitability (Teixeira et al., 
2016). Ríos-Hilario et al. (2023), when evaluating the Salcer variety in the dry tropics in 
Guerrero, Mexico, found yields of 4462 kg ha-1 of DM with high planting densities (250 
000 plants ha-1) and 2958 kg ha-1 with lower densities (41 250 plants ha-1).
Most available studies focus on soybean cultivars for the production of grain (Vega 
and Andrade, 2000; Enciso-Maldonado et al., 2021) planted at different densities and 
harvest dates, where yield was affected by the planting season and the population 
density. In other legumes, such as chepil (Crotalaria longirostrata Hook. and Arn.), 
Maldonado-Peralta et al. (2023) reported 95 % of intercepted radiation 36 d after 
cutting, with crude protein, acid detergent fiber, and neutral detergent fiber of 22, 58, 
and 37 %, respectively; subsequently, the intercepted radiation dropped to 62 % on 
day 79.
In contrast, studies on forage soybean varieties in tropical regions of Mexico are scarce; 
therefore, agronomic studies and proximal chemical analyses are needed. In this work, 
the proposed hypothesis is that, over time, soybean yield increases while its chemical 
quality decreases, making the optimal cutting time between days 61 and 68, depending 
on the genotype. Accordingly, the aim of this study was to evaluate total dry matter 
yield and yield by component, plant height, intercepted radiation, population density, 
stem weight per stem, crude protein, and acid and neutral detergent fiber of different 
forage soybean varieties through growth analysis in the dry tropics of Mexico.

MATERIALS AND METHODS

Study area
The evaluation of productive behavior was carried out in the town of El Pitahayo, 
Cuajinicuilapa, Guerrero, Mexico (16° 32’ 5.49” N and 98° 30’ 28.87” W), from 
September 1, 2020, to February 28, 2021, at an altitude of 50 m (INEGI, 2010). Weather 
data were obtained from the station located in Cuajinicuilapa, Guerrero, 10 km from 
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the experimental site (CONAGUA, 2022). The area has a warm, subhumid climate, 
with the highest rainfall during the study period recorded in September, October, 
November, and December, 2020, accumulating 832 mm, and a mean temperature of 
26 °C (Figure 1).

Figure 1. Rainfall (mm) and maximum and minimum temperatures (°C) during the study 
period in the municipal area of Cuajinicuilapa, Guerrero, Mexico.

Experimental plots
The Salcer variety of forage soybean (Glycine max (L.) Merr.) was evaluated, along 
with three genotypes: Ojo de Tigre, Valente, and Albina, developed by the Center for 
Professional Studies of the Higher Agricultural College of the State of Guerrero (CEP-
CSAEGro) through different selection processes. Salcer is the only variety registered 
within the National Seed Inspection and Certification Service (SNICS); the remaining 
genotypes are in the evaluation process.
The experiment was established under a completely randomized block design with 
three repetitions. Every genotype was planted in a 10 × 10 m plot, corresponding to 
each treatment. The soil had a silty-sandy texture, a 15 % slope, a slightly alkaline 
pH (7–8), and low organic matter content (0.2 %). The land was prepared using 
conventional tillage: plowing once, harrowing twice, furrowing, and layout marking. 
Planting was carried out on September 7, 2020, during the rainy season, with a density 
of 230 000 seeds ha-1. Each seed was placed at the top of the furrow, in a double row, 
with a topological arrangement of 80 cm between furrows, 10 cm between rows, and 
12 cm between seeds.
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Chemical fertilization was carried out on days 20 and 30 after planting (DAP), using 
the formula 60-40-00 (N-P-K). Ammonium sulfate served as the nitrogen source 
(Fertiquim, Mexico). For phosphorus, diammonium phosphate (18-46; Fertiquim, 
Mexico) was applied by squirting it 5 cm from the stem. For foliar fertilization, Gro 
Green Campbell 20-30-10 (Gor Green, Mexico) and Supra Fe (Arvensis, Mexico, as a 
source of iron) were sprayed using a motorized backpack sprayer (Honda, Japan) at 
20, 30, and 40 DAP.
For pest control, cypermethrin was applied three times (CIMA, Química Sagal S.A., 
Mexico) at a dose of 1 mL L-1 of water, aimed at the black cutworm (Agrotis ípsilon 
Hufnagel, 1766), using a motorized backpack sprayer (Honda, Japan). Weed control 
was carried out twice, chemically and manually. The chemical control consisted of the 
targeted application of a non-selective contact herbicide (paraquat) at a dose of 1 mL 
L-1 of water, using a manual spray with a hooded nozzle. Manual control was carried 
out using a hoe.
Agronomic samplings were carried out at 26, 33, 40, 47, 54, 61, 68, 75, 82, and 89 DAP. 
The proximal chemical analyses were performed at 26, 40, 54, 68, and 82 DAP. In the 
months of minimum rainfall (January, February, and March 2021), underground water 
was used to irrigate every 8 d, with a sheet of approximately 32 mm per irrigation.

Variables evaluated

Total yield and yield by component
One day before each cut, two samples were taken from each plot, considering 1 m per 
furrow. The plants were separated by components (leaf, stem, and pod) and weighed 
on a digital precision scale (METALTEX, VE-200RT, Switzerland). Subsequently, they 
were dried at 55 °C until they reached a constant weight in a forced-air oven (Faithful, 
WGLL-230BE, China). Later, they were weighed once again to determine the content 
of dry matter and to estimate the yield of dry matter per hectare.

Plant height
The readings of 20 plants were taken at random in each experimental plot one 
day before every cut, using a measuring tape (Truper, Mexico) 3 m in length. The 
measurement was carried out at ground level until the last morphological component.

Intercepted radiation
Five readings were taken for every experiment. A 100-cm wooden ruler was placed 
under the canopy, pointing south-north, and the centimeters with shade were counted, 
which represented the percentage of radiation intercepted by the plant’s canopy.

Population density (plants per m2)
At the beginning of the experiment, 1 m2 areas were traced at random in each plot 
using wooden stakes. In each sampling, the number of plants in the area was counted 
to determine the population density and evaluate the persistence of each genotype.
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Weight by stem
Five stems were cut at random from each plot, at ground level and with leaves, which 
were dried in a forced-air oven until their weight was constant. Subsequently, the dry 
weight of every stem was registered.

Proximal chemical analysis
The proximal chemical analysis was carried out in the animal nutrition laboratory of 
the School of Veterinary Medicine and Animal Husbandry No. 2 of the Autonomous 
University of Guerrero, located in the municipal seat of Cuajinicuilapa. The 
determinations were carried out on days 26, 40, 54, 68, and 82. The samples used 
to estimate the dry matter yield were used to determine the crude protein (CP) 
content using the method described by the AOAC (2005). All analyses were carried 
out in triplicate. The neutral detergent fiber (NDF) and the acid detergent fiber were 
determined following the method proposed by van Soest et al. (1991).

Statistical analysis
The data gathered was analyzed under a completely randomized block design with 
three repetitions and a divided plot arrangement, in which the large plot corresponded 
to the cuts (days after planting) and the small plot, to the soybean genotype evaluation. 
The analysis was carried out with the PROC GLM procedure by SAS (SAS Institute, 
2011), where the effects of harvest time were considered fixed. The multiple comparison 
of means was carried out with Tukey’s test (α = 0.05).

RESULTS AND DISCUSSION
T

otal yield and yield by component
The total dry matter yield of the four soybean varieties at different cutting ages during 
the rainy season (Figure 2) increased with plant age until day 75 after planting, 
reaching an average of 9422 kg ha-1. Subsequently, it decreased until day 89, with 
7033 kg ha-1 (p < 0.05). The variety with the highest yield was Ojo de Tigre, with 5562 
kg ha-1, whereas the one with the lowest yield was Salcer, with 4626 kg ha-1 (p < 0.05). 
However, Albina displayed the highest yield on day 75, with 12 542 kg ha-1 (p < 0.05).
The four varieties displayed a similar component pattern. The leaf component 
predominated with more than 60 % of the yield until day 40 after planting; thereafter, 
the stem became dominant until day 89. The pod component appeared on day 61, with 
a greater proportion in the Albina variety and a lower one in Salcer (p < 0.05) (Figure 
2). Aponte et al. (2015) reported similar values in 10 forage lines in Puerto Rico, with 
DM yields of 5300 and 6573 kg ha-1 on days 54 and 68, respectively. Tobía et al. (2006), 
in evaluations performed in Venezuela and Costa Rica, recorded yields between 5000 
and 13 000 kg ha-1 on day 75, comparable to those obtained in this study. In turn, Ríos-
Hilario et al. (2023) reported values similar to those found in this study on day 60 of 
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plant growth, with 5500 kg ha-1 at a population density of 250 000 plants ha-1 in the 
Salcer variety.
In Brazil, Wilson-Cortez et al. (2011) evaluated the Monsoy 5942 variety at different 
population densities and fertilization depths and reported an average DM yield of 
5634 kg ha-1 on day 68, lower than that obtained in this study on the same day after 
planting. In Turkey, Acikgoz et al. (2007) evaluated three forage soybean varieties 
on days 54, 68, and 82, with yields of 8467, 11 356, and 14 225 kg ha-1, respectively, 
which were higher than those recorded in this study, possibly due to more favorable 
weather conditions, since plant growth varies depending on temperature and nutrient 
availability in the soil. Altogether, these results show that yield in forage soybean 
varies depending on the genotype, cutting date, geographic location, and soil fertility.

Figure 2. Total dry matter (DM) and yield by component (kg ha-1 of DM), plant height (cm), and intercepted 
radiation (%) of different forage soybean (Glycine max (L.) Merr.) genotypes in the dry tropics of Mexico. A: Salcer; 
B: Ojo de tigre; C: Valente; D: Albina.

 

A B

C D
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Plant height
The plant height of the four forage soybean varieties at different cutting ages during 
the rainy season (Figure 2) increased as plant age advanced, regardless of the genotype. 
The maximum height was recorded on day 82, with 114 cm, and later decreased to 109 
cm on day 89. The lowest values were observed between days 26 and 54 (p < 0.05). On 
average, the tallest genotypes were Valente and Ojo de Tigre (87 cm), whereas Salcer 
and Albina presented the lowest values (86 cm).
Tosquy-Valle et al. (2009) reported lower heights in two soybean varieties evaluated in 
the Mexican tropics at different planting densities, which depend on the variety and 
regional temperature. After day 61, they recorded heights ranging from 44 to 54 cm. In 
Cuba, Romero-Arias et al. (2013) evaluated seven varieties and reported 49 cm on day 
60 after planting. In Venezuela, Hernández et al. (2013) found average heights of 67 cm 
on day 75 in nine forage soybean varieties, which were also lower than those found in 
this study. Ríos-Hilario et al. (2023) reported an average height of 58 cm for the Salcer 
variety when evaluating different population densities and cutting ages. In this study, 
Valente and Ojo de Tigre displayed the greatest average height (87 cm), surpassing 
Salcer and Albina, which showed lower growth.

Intercepted radiation
The intercepted radiation of the four forage soybean varieties at different cutting ages 
during the rainy season (Figure 2) increased as phenological development progressed, 
reaching an average of 96 % on day 61 in the four genotypes, which remained until day 
68. Subsequently, it decreased until day 89, with an average of 84 %, regardless of the 
variety. Albina reached 99 % on day 68 (p < 0.05), although, on average, it presented 
the lowest intercepted radiation (77 %). The recommended intercepted radiation is 95 
% (Rojas-García et al., 2018), as it represents the best ratio between dry matter yield 
and chemical quality at that point. In this study, that average was reached on day 54.
Giayetto et al. (2011) pointed out that intercepted radiation in maize and soybean 
has a direct influence on plant components and yield. Leguizamón and Verdelli 
(2011) evaluated intercepted radiation in soybean-maize under intercropping and 
monoculture systems and obtained a maximum average of 45 %, different from the 
averages reported in this study, possibly due to differences in plant density and weather 
conditions. Díaz et al. (2003), in a maize-soybean intercrop in Argentina, reported 95 % 
intercepted radiation on day 54, which coincides with the 94 % registered in this study 
at the same age. In turn, Ríos-Hilario et al. (2023) reported the highest intercepted 
radiation, 86 %, at a population density of 250 000 plants ha-1 in the Salcer variety on 
day 60 after planting.

Population density
The population density of the four forage soybean genotypes at different physiological 
ages during the rainy season (Figure 3) showed, on average, a decrease as phenological 
growth advanced, with similar behavior among the four genotypes, declining from 24 
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plants m-2 on day 26 to 19 plants m-2 on day 89. Albina displayed the highest average 
density during the cycle (25 plants m-2; p < 0.05), whereas Salcer presented the lowest 
value (16 plants m-2). Ojo de Tigre and Valente registered intermediate and similar 
values, with 22 and 21 plants m-2, respectively. These differences depend on the 
adaptive capacity of each genotype to produce under the site’s weather conditions, 
which influence forage yield.
Roche et al. (1990) evaluated 74 varieties with 20 plants m-2 and reported DM yields 
of 4360 kg ha-1 on day 65 and 7880 kg ha-1 on day 78. These values are lower than 
those obtained in this study, in which 9422 and 8006 kg ha-1 of DM were reached with 
similar densities on days 68 and 75, respectively. Hintz et al. (1992) evaluated three 
varieties with 28 and 89 plants m-2 in the United States and obtained similar yields on 
day 75, with 7500 and 7300 kg ha-1 of DM. Tobía and Villalobos (2004) used 19 plants 
m-2 in Costa Rica and reported 4800 kg ha-1 of DM on day 61, lower than the values 
recorded in this study at the same age. Tosquy-Valle et al. (2009) evaluated densities 
of 20, 30, and 40 plants m-2 and found better agronomic characteristics with 20 plants 
m-2. Gaso (2018) evaluated densities from 10 to 60 plants m-2 and found a higher final 

Figure 3. Population density (plants m-2) and weight per stem (g) of different forage soybean (Glycine max (L.) Merr.) 
genotypes in the dry tropics of Mexico. A: Salcer; B: Ojo de tigre; C: Valente; D: Albina.
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yield with 30 plants m-2, whereas the highest yield in this study was obtained with 20 
plants m-2 on day 75.

Stem weight
The stem weight of the four forage soybean genotypes at different cutting ages (Figure 
3) increased as plant age advanced, reaching an average of 78 g across the four varieties 
on days 68 and 75 after planting (p < 0.05). Subsequently, it decreased on days 82 and 
89, regardless of the genotype, with an average of 64 g. The genotype with the highest 
average stem weight was Salcer, with 48 g, whereas the lowest was found in Ojo de 
Tigre, with 41 g. Likewise, Salcer recorded the highest weight on day 68, with 94 g (p 
< 0.05).
Maqueira et al. (2016) studied the growth and yield of four soybean varieties and 
reported stem weights of 9 g on day 89, lower than the values observed in this study. 
Díaz et al. (2003) recorded average weights of up to 77 g on day 90 in Cuba, similar to 
the 64 g obtained on day 89 in this study. Tobía and Villalobos (2004), under adverse 
tropical conditions, reported weights of up to 100 g on day 89, which are higher than 
the values found in this study. Hernández et al. (2013) recorded average weights of 82 
g on day 89 and pointed out that stem weight later decreases due to the translocation 
of nutrients to the production of senescent pods and leaves, a behavior that coincides 
with the results obtained in this study.

Proximal chemical analysis
The crude protein (CP) content of the four forage soybean genotypes in the growth 
analysis during the rainy season (Table 1) showed that, regardless of the variety, the 
highest value was recorded on day 26, with 20 %, and the lowest on day 82, with 13 
%. On average, Salcer presented the highest content (18 %), whereas Albina had the 
lowest (16 %) (p < 0.05). Hernández et al. (2013) reported an average CP content of 
15.7 % for leaf, stem, and pod on day 75, similar to the values obtained in this study. 
Díaz et al. (2003) reported 21.7 % CP on day 54 in the whole plant, comparable to the 
value observed on day 26 in this study. Tobía and Villalobos (2004) reported 20 % CP 
on day 68. Maldonado-Peralta et al. (2023), when evaluating Crotalaria longirostrata 
Hook. and Arn. at different planting densities, found that CP content decreased as the 
physiological stage advanced (p < 0.05).
On average, the highest neutral detergent fiber (NDF) content was recorded on day 
82, with 60 %, and the lowest on day 26, with 52 % (p < 0.05) (Table 1). The Valente 
genotype presented the lowest average NDF content (55 %), whereas Albina and Ojo 
de Tigre presented the highest values (57 %). Acid detergent fiber (ADF) was 31 % on 
day 26 and reached its peak on day 54, with 39 %; Albina presented the highest value 
on day 54 (40 %) (p < 0.05).
Tobía and Villalobos (2004) reported an average NDF content of 40 % when evaluating 
a soybean variety under adverse conditions. Aponte et al. (2015) reported 42.6 % NDF 
on day 82 in 10 forage soybean lines in Puerto Rico, with values lower than those 
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found in this study. Díaz et al. (2003) reported 58.3 % NDF in four varieties evaluated 
in Cuba, similar to the results obtained in this study. Hernández et al. (2013) found 
average NDF contents of 47 % in pods, 38.5 % in leaves, and 66.4 % in stems in 10 
forage soybean varieties. In the Comarca Lagunera region of Mexico, average ADF 
values of up to 38 % have been reported on day 82 (Reta-Sánchez et al., 2013), which 
coincides with the observations made in this study.

CONCLUSIONS
The forage soybean genotype with the best attributes in dry matter yield, structural 
characteristics, and plant height was Ojo de Tigre. The optimum harvesting time was 
established on day 61, when an average intercepted radiation of 95 % was obtained 
and before pod production began in the four genotypes, while maintaining acceptable 
quality levels. The proximal chemical analysis showed variation depending on the 
genotype; therefore, further research on forage soybean is necessary.

Table 1. Crude protein and neutral and acid detergent fiber (%) of four forage soybean 
(Glycine max (L.) Merr.) varieties in a growth analysis in the dry tropics of Mexico.

Plant age
(days)

Varieties
Crude protein (%)

Salcer Ojo de tigre Valente Albina Promedio

26 21 Aa 20 Aa 19 Aa 20 Aa 20 A
40 20 Aa 17 ABa 17 Aa 16 Aa 18 B
54 15 B Cab 16 Ba 15 ABab 11 Bb 14 C
68 16 Ba 15 BCa 18 Aa 18 Aa 17 B
82 13 Ca 11 Ca 12 Ba 11 Ba 13 C

Average 18 a 16 b 16 b 16 b
                                Neutral detergent fiber (%)

26 55 Ba 53 Ba 53 Ca 56 Ba 55 B
40 53 Ba 55 ABa 54 BCa 54 Ba 54 B
54 60 Aa 60 ABa 59 ABa 61 Aa 60 AB
68 58 ABa 63Aa 57 ABCa 63 ABa 60 AB
82 65 Aa 63 Aa 61 Aa 61 ABa 63 A

Average 58 b 59 a 57 c 59 a
                                  Acid detergent fiber (%)

26 35 Ba 30 Cc 30 Cbc 34 Bab 33 D
40 35 Ba 36 Ba 37 ABa 36 Ba 36 B
54 38 Aa 39 Aa 38 Aa 40 Aa 39 A
68 33 Bb 38 ABa 35 ABab 37 Bab 36 B
82 36 Ba 34 Ba 34 BCa 35 Ba 35 C

Average 35 b 35 b 35 b 36 a

Means with the same lowercase letter in the same row (a, b, c) and column (A, B, C) are not 
statistically different (Tukey; α = 0.05).
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ABSTRACT
Smallholder farmers cultivating limited landholdings often experience low yields and reduced 
returns, as restricted plot sizes limit crop rotation and expansion. Vertical farming provides a 
practical alternative by enabling intensive production in compact and densely populated areas, 
supporting year-round cultivation and increased food output. Artificial Intelligence (AI) and the 
Internet of Things (IoT) play a central role in modern agriculture by enabling precision farming 
and data-driven decision-making. The proposed system integrated soil-based, hydroponic, and 
aeroponic techniques within a unified vertical framework. Advanced irrigation and monitoring 
technologies, including moisture sensors and image-based crop analysis, optimized water 
usage, nutrient delivery, and crop health management. The approach automated irrigation and 
nutrient control and achieved a disease detection accuracy of 96 %, demonstrating improved 
performance compared to conventional machine learning models. Real-time monitoring through 
sensors and imaging devices reduced manual intervention, improved resource utilization, and 
supported sustainable agricultural practices. Overall, the system enhanced productivity across 
diverse farming conditions while promoting resource efficiency, sustainability, and climate 
resilience.

Keywords: automatic drip irrigation system, sustainable agriculture, crop growth, disease 
prediction. 

INTRODUCTION
Agriculture involves the cultivation of crops and the rearing of animals to supply 
food and fiber, which is essential for human needs and economic development. These 
activities depend on effective management of soil, water, and biodiversity to maintain 
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productivity. This sector plays a central role in the globalized food system, generating 
value for rural communities worldwide. However, rising population growth continues 
to reduce arable land per capita. Developing horticultural areas face labor shortages 
due to rural-to-urban migration, alongside persistent inefficiencies and economic 
constraints. At the same time, rapid urbanization, climate variability, environmental 
contamination, and freshwater depletion intensify pressure on natural resources and 
global food security (Gürsu, 2024).
Farmers operating on restricted agricultural land face significant limitations in 
maximizing production efficiency. Constrained space restricts expansion and proper 
crop rotation, negatively affecting soil productivity, yields, and economic stability. 
Limited land availability also reduces the feasibility of adopting contemporary 
farming technologies that require additional space, such as precision agriculture 
and automated systems, thereby limiting improvements in yield and efficiency. 
Consequently, smallholders struggle to remain competitive compared to larger-scale 
producers.
Vertical farming has emerged as an innovative food production method that enhances 
productivity while reducing resource consumption and environmental impact. By 
arranging crops in vertically stacked layers, it maximizes land use efficiency and is 
particularly suitable for urban environments and land-limited regions. Vertical farming 
supports continuous year-round production, strengthens food security, and reduces 
transportation-related costs associated with conventional agriculture (Deepa et al., 
2024a), while addressing land scarcity through controlled environment cultivation.
In practical applications, vertical farming systems operate within controlled 
environments where crops are grown in stacked layers equipped with advanced 
monitoring technologies. Sensors positioned across layers continuously measure 
moisture, nutrient concentration, temperature, humidity, and light exposure. Internet 
of Things (IoT) platforms transmit these data in real time to centralized processing 
systems for analysis, while Artificial Intelligence (AI) processes sensor-generated data 
to optimize irrigation scheduling, regulate nutrient delivery, and detect early signs of 
disease or stress through image-based monitoring.
The integration of IoT and AI enables precise vertical crop management and data-
driven automation (Abraham et al., 2025). AI-based predictive analytics combined 
with continuous sensor monitoring allow early identification of pests and diseases, 
minimizing crop damage while preserving resources and improving yield performance. 
AI-supported monitoring incorporates computer vision and image recognition to 
assess plant growth, detect abnormalities, and implement prompt corrective actions. 
Automated irrigation systems integrated with AI analytics deliver precise quantities 
of water and nutrients according to plant developmental stages and environmental 
conditions, reducing manual labor and enhancing resource efficiency.
Harvesting strategies in vertical farming are designed to maximize efficiency and 
productivity within limited space. Manual harvesting remains appropriate for 
delicate or high-value crops requiring careful handling, whereas automated systems 
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integrating robotics and AI reduce labor costs and increase operational speed. Precision 
harvesting uses sensors and data analytics to determine optimal harvest timing, 
ensuring maximum yield and quality. Mechanical harvesting supports large-scale 
operations, while continuous and selective harvesting techniques maintain steady 
production by collecting mature crops and allowing immature plants to reach full 
development. These approaches strengthen production capacity and environmental 
sustainability in compact growing environments.
Recent studies have advanced vertical farming technologies across multiple 
dimensions. Erekath et al. (2024) explored AI-enabled IoT technology for sustainable 
environmental management, demonstrating how advanced AI supports precise 
environmental regulation, early pest prevention, automated operations, and data-
driven agricultural decision-making. Xie et al. (2024) designed a vertical farming 
prototype to examine wind energy opportunities in urban environments, conducting 
parametric analyses of turbine placement along building envelopes and ventilation 
corridor widths, and investigating the feasibility of integrating micro wind turbines 
into façade and roof structures. Gürsu (2024) presented a system aimed at improving 
productivity for small growers working on restricted agricultural areas, including the 
“PETREE” vertical planting system that converts durable fifth LT-PET packages into 
plant pots and recycled plastic frames to create mobile sustainable agriculture units.
Strategic and resource-oriented evaluations have also been conducted. Akbari et al. 
(2024) applied the Quantitative Strategic Planning Matrix (QSPM) together with SWOT 
analysis to assess the feasibility of vertical farming in Gilan Province, Iran. Walia 
et al. (2024) proposed a comprehensive rainwater harvesting system incorporating 
catchments, mesh filters, gutters, conduits, first-flush devices, and storage tanks, and 
described in situ techniques such as contour farming, strip cropping, vegetative hedges, 
tied ridging, bunds, terracing, and runoff harvesting for arid and semi-arid regions. 
Talbot and Monfet (2024) developed a simulation framework for evaluating building 
performance that concurrently assesses energy demand and crop productivity in 
compact vertical farming systems, incorporating a dynamic crop model. Fasciolo et 
al. (2024) categorized and analyzed Key Performance Indicators (KPIs) in vertical 
farming, compiling a structured set of 78 KPIs from the literature.
Technological advancements in automation and robotics have further strengthened 
vertical farming systems. Fei and Vougioukas (2024) introduced a real-time 
optimization system to adjust platform travel speed and lift height for improved 
harvest efficiency, validated through simulations and field trials in a commercial 
apple orchard. Wang et al. (2023) proposed a biomimetic robotic harvesting system for 
strawberries in vertical cultivation environments, employing deep neural networks 
and conditional Generative Adversarial Networks to detect ripe fruit using synthetic 
data. Kabir et al. (2023) reviewed developments in sensor technologies, monitoring 
and control systems, unmanned aerial systems, and the growing influence of AI in 
optimizing vertical farming operations. Carotti et al. (2023) examined water use 
efficiency in lettuce (Lactuca sativa L.) under ebb-and-flow substrate culture and 
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high-pressure aeroponic systems in an experimental vertical farm at the University 
of Bologna. Ciriello et al. (2023) investigated light quality, quantity, and photoperiod 
effects for energy-efficient basil cultivation. Vandewetering et al. (2023) developed an 
innovative wood-based photovoltaic racking solution using an open-source hinge 
system to reduce mechanical pressure.
Advances in data analytics and intelligent modeling also contribute to agricultural 
innovation. Sivasubramanian et al. (2025) proposed an Al-Biruni Earth Radius 
Optimization-based deep transfer learning framework for remote sensing scene 
image classification, integrating SqueezeNet for feature extraction and a deep 
autoencoder neural network optimized through the Al-Biruni strategy to address 
high dimensionality and limited labeled data. Deepa et al. (2024b) introduced Agri-
Ontology, an ontology-driven framework for organizing heterogeneous agricultural 
data using natural language processing techniques, employing BERT for semantic 
representation, Jaccard similarity for relationship extraction, and a BiGAN-based 
model for evaluation, achieving 94.64 % accuracy.
While these studies greatly improve vertical farming technologies, many only look 
at specific parts like energy systems, water management, structural design, robotics, 
or data representation, without bringing together AI-driven disease detection and 
real-time IoT-based automation into a complete vertical harvesting system. Some 
approaches present scalability challenges for small or urban farms, while others 
involve high operational costs or complex infrastructure. Limited real-time decision-
making and delayed disease identification further reduce system effectiveness.
The present study positions vertical farming as a strategic response to contemporary 
agricultural challenges. The primary aim was to develop an intelligent vertical 
harvesting system by integrating AI-based crop monitoring with IoT-enabled 
automation to enhance productivity and resource efficiency. The objectives were to 
design a vertical farming framework combining soil-based, hydroponic, and aeroponic 
techniques; to monitor environmental and crop conditions using IoT sensors and 
imaging devices; to apply machine learning models for early crop disease detection; 
and to automate irrigation and nutrient delivery based on real-time data. Motivated 
by increasing land scarcity, climate variability, and the need for sustainable food 
production that reduces water usage, labor dependency, and crop losses, this work 
focused on controlled vertical farming environments with sensor-based monitoring, 
AI-driven disease detection, and automated decision-making for efficient crop 
management.

MATERIALS AND METHODS
An advanced vertical harvesting system was implemented to combine multiple 
technologies for enhancing agricultural yield (Figure 1). The system integrates three 
cultivation methods (aeroponics, hydroponics, and traditional soil-based farming) 
arranged in vertically stacked tiers. Crops grown under aeroponic conditions were 
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monitored using video cameras, hydroponic crops were equipped with electrical 
conductivity sensors to verify nutrient solution adequacy, and soil-based crops 
utilized moisture sensors to regulate water levels.
The hydroponic and soil-based units were supplied by a central water tank containing 
nutrient-enriched water, with relays allowing selective distribution according to 
crop type. Sensor data were collected by a microcontroller that preprocessed the 
information using machine learning algorithms and generated alerts when anomalies 
were detected. Mahaveerakannan and Gade (2025) explained that this integration of AI 
and IoT technologies supports real-time monitoring, management, and optimization 
across diverse farming systems.
The problem addressed in this work is formulated as a quantitative optimization 
task aimed at maximizing crop disease detection accuracy and resource utilization 
efficiency under constrained farming conditions. Let the sensor data vector be defined 
as

𝑆𝑆 = {𝑚𝑚, 𝑡𝑡, ℎ, 𝑒𝑒𝑒𝑒} 

Figure 1. Integrated Artificial Intelligence (AI) and Internet of Things (IoT)-based vertical 
harvesting system architecture combining aeroponic, hydroponic, and soil-based cultivation.
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where m denotes soil moisture, t represents temperature, h indicates humidity, and ec 
corresponds to electrical conductivity. The objective was to maintain these parameters 
within predefined threshold ranges while minimizing water and nutrient waste.

Soil based crops
Soil-based farming relies on plant production in natural soil systems, where crop 
performance depends on nutrient availability and soil-borne microorganisms that 
support healthy growth. Major crops cultivated under this model include rice (Oryza 
sativa L.), maize (Zea mays L.), vegetables such as tomato (Solanum lycopersicum L.), 
root crops including potato (Solanum tuberosum L.) and carrot (Daucus carota L.), and 
legumes such as soybean (Glycine max (L.) Merr.). Rice requires flooded fields and 
specific soil conditions to achieve maximum yield. Maize depends on fertile, well-
drained soils with consistent moisture availability. Tomatoes are sensitive to soil pH 
and nutrient balance, requiring well-conditioned soils for optimal fruit development. 
Potatoes and carrots require loose, well-aerated soils to facilitate proper tuber and 
root formation. Soybeans enhance soil fertility by fixing nitrogen through symbiotic 
relationships with soil bacteria, benefiting subsequent crops in rotation systems.
Moisture sensors are used for continuous monitoring of soil water content. These 
sensors collect soil condition data and transmit it to the IoT cloud for storage and 
analysis. When moisture levels fall below defined thresholds, a relay mechanism 
activates an automated drip irrigation system to supply the required amount of water. 
Optimal soil moisture ranges vary by crop: wheat performs best at 50–75 % of field 
capacity, rice at 80–100 % with periodic flooding, tomatoes at 60–80 %, carrots at 50–70 
%, potatoes at 60–80 %, and lettuce at 70–90 % of field capacity. These thresholds guide 
irrigation management by defining the moisture levels necessary to support optimal 
crop growth while avoiding over- or under-irrigation.

Hydroponics
Hydroponics is a soil-less cultivation method in which plants receive nutrients from 
a circulating solution delivered directly to their roots. This system is suitable for 
urban agriculture and controlled environment systems such as greenhouses. Crops 
commonly grown using hydroponics include leafy vegetables such as lettuce, spinach 
(Spinacia oleracea L.), and kale (Brassica oleracea L.), which require nutrient-rich solutions 
supplied consistently through the system. Herbs such as basil (Ocimum basilicum L.) 
and cilantro (Coriandrum sativum L.) also perform well due to continuous nutrient 
availability and regulated environmental conditions. Vine crops, including tomato and 
cucumber (Cucumis sativus L.), are frequently cultivated in hydroponic systems, often 
supported by trellising structures during growth and fruiting. Hydroponics enables 
precise control over nutrient delivery and environmental conditions, improving 
production efficiency.
The operational parameters and threshold values for hydroponic crops (Table 1) include 
essential nutrients such as nitrogen, potassium, calcium, and magnesium, as well as 
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water quality indicators that influence crop growth and productivity. Monitoring 
and optimizing these factors according to crop type are necessary to maintain system 
stability and achieve optimal yield under hydroponic cultivation.

Aeroponics
Aeroponics is a form of hydroponics that does not involve the use of soil or any substrate. 
Plants are placed in growing pods and intermittently sprayed with a nutrient-saturated 
mist. This method allows precise control over the amount of oxygen, nutrients, and 
water vapor supplied to the root system. Aeroponic systems use approximately 80 % 
less water compared to soil-based farming and even conventional hydroponic systems. 
One advantage of aeroponics is that nutrients are delivered to the roots as fine moist 
particles, promoting faster growth and reducing material requirements compared to 
soil-based cultivation. This approach is particularly suitable in regions with limited 
arable land or infertile soils. Because there is no soil contact, the risk of soil-borne 
diseases is minimized, and plant health monitoring is more straightforward. Despite 
their advanced technology and high initial investment costs, aeroponic systems are 
sustainable and support year-round production in controlled environments such as 
greenhouses.

Sensor operation and application
Electrical conductivity (EC) sensors operate by measuring the ability of a solution 
to conduct electric current, which is directly proportional to the concentration of 
dissolved ions, particularly salts and nutrients. These sensors consist of electrodes, 
typically made of stainless steel or graphite, placed in the solution of interest. A small 
electrical current is passed between the two electrodes, and the resulting conductivity 
is measured. Higher ion concentrations correspond to increased conductivity of the 
solution. EC sensors are widely applied in hydroponic systems and soil-based farming 
to assess nutrient availability. They allow farmers to adjust nutrient solutions or soil 
amendments to ensure that appropriate levels of essential nutrients are supplied to 

Table 1. Water pH, electrical conductivity (EC), and nutrient solution ranges used for the selected 
hydroponic crops.

Crop Water pH 
Range

Electric conductivity 
(mS cm-1) range

Nutrient solution 
(mg L-1)

Basil (Ocimum basilicum L.) 5.5–6.5 1.5–2.5 18–22
Tomatoes (Solanum lycopersicum L.) 5.5–6.5 2.0–2.5 20–24
Strawberries (Fragaria × ananassa 
Duchesne) 5.5–6.5 1.8–2.5 18–24

Cucumbers (Cucumis sativus L.) 5.8–6.2 2.0–2.5 22–26
Lettuce (Lactuca sativa L.) 5.5–6.5 1.2–2.0 18–22
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crops. Real-time EC monitoring supports precise control of irrigation and fertilization 
practices, and prevents nutrient imbalances.
Sensors measure parameters and generate raw data. The measurement process involves 
calibration and conversion procedures to translate raw readings into meaningful 
units, such as converting voltage outputs from an EC sensor into conductivity values:

𝐸𝐸𝐸𝐸 (𝑚𝑚𝑚𝑚
𝑐𝑐𝑐𝑐)  =  𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑜𝑜𝑜𝑜𝑜𝑜𝐾𝐾 ∗ 𝑅𝑅  

where Voltageout is the sensor output voltage, K is the cell constant of the sensor, and R 
is the reference resistance.

Similar to moisture sensors connected to the cloud, EC sensors monitor ion concentration 
in nutrient solutions. When nutrient levels fall below optimal thresholds, the sensors 
trigger automated drip systems. This function ensures that plants receive appropriate 
nutrient supplementation, thereby optimizing agricultural productivity and resource 
efficiency.

Dataset preparation and image preprocessing

Image dataset
A camera was used for real-time plant monitoring, and the captured images were 
transmitted for preprocessing and subsequent analysis. To train and validate the 
disease detection model, a publicly available dataset sourced from Kaggle was 
utilized. This dataset comprises approximately 87 000 Red-Green-Blue (RGB) images 
of healthy and diseased crop leaves distributed across 38 distinct classes. It was used 
to train the model to discriminate features associated with different plant diseases and 
healthy conditions. The dataset was partitioned into training and validation sets in a 
70:30 ratio while preserving the original directory structure. In addition, a separate 
directory containing 33 test images was created to evaluate the model’s predictive 
performance.

Preprocessing
The images were preprocessed to improve the performance and accuracy of the 
machine learning model. Image dimensions and pixel values were standardized to 
ensure uniformity across the dataset. Feature representation was enhanced through 
normalization and augmentation techniques, and noise was reduced to enable 
clearer data interpretation. This preprocessing procedure improved robustness and 
generalization capability in the computer vision task.

Image resizing
The images were resized to a uniform spatial resolution using bilinear interpolation 
to preserve spatial continuity and reduce distortion. Specifically, the bilinear 
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interpolation equation was applied to compute the intensity value of each resized 
pixel as a weighted average of its four nearest neighboring pixels:

𝐼𝐼′(𝑥𝑥′, 𝑦𝑦′) =  (1 − ∆𝑥𝑥), (1 − ∆𝑦𝑦)𝐼𝐼(𝑥𝑥1, 𝑦𝑦1) + ∆𝑥𝑥(1 − ∆𝑦𝑦)𝐼𝐼(𝑥𝑥2, 𝑦𝑦1) 

                       + (1 − ∆𝑥𝑥)∆𝑦𝑦𝑦𝑦(𝑥𝑥1, 𝑦𝑦2)  +  ∆𝑥𝑥∆𝑦𝑦𝑦𝑦(𝑥𝑥2,𝑦𝑦2) 

where I’ (x’, y’) is the interpolated pixel value; I (x1, y1), I (x2, y1), I (x2, y2) and I (x1, y2)are 
the pixel values of the four nearest neighbors; and Δx Δy correspond to the fractional 
offsets in the horizontal and vertical directions, respectively.

Normalization
Normalization scales pixel values to a specified range, commonly [0, 1]. This was 
achieved by directly applying the normalization equation to each pixel in the dataset:

𝐼𝐼𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛(𝑥𝑥, 𝑦𝑦) =  𝐼𝐼(𝑥𝑥, 𝑦𝑦) − 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚
𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚 − 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚

 

where I (x, y) represents original pixel value, and Imax and Imin represent the maximum 
and minimum pixel intensities within the image, respectively.

The preprocessed dataset was split into training (70 %), validation (15 %), and testing 
(15 %) sets. The training set was used to learn model parameters by minimizing the 
loss function. The validation set was used to tune hyperparameters and monitor 
overfitting, with early stopping applied when validation performance declined. The 
testing set was used after training to evaluate the model’s generalization on unseen 
data. This split ensured reliable performance assessment and model robustness.

Machine learning model
Crop disease detection was implemented using You Only Look Once version 6 
(YOLOv6). The optimized backbone network and anchor-free design enhanced feature 
extraction and improved detection of disease symptoms in crops. Model performance 
was strengthened through training techniques such as mosaic augmentation and label 
smoothing. In field deployment, YOLOv6 processes images captured by cameras in 
real time. Enhanced Non-Maximum Suppression (NMS) further improves detection 
by pruning overlapping bounding boxes. This integrated system supports continuous 
field monitoring, reduces manual inspection effort, and promotes precise treatment 
application to improve crop health and yield.
The process for detecting crop diseases using YOLOv6 is carried out in sequential 
stages. First, a convolutional neural network backbone, such as CSPDarknet53, extracts 
discriminative features from input images. These features enable identification of 
disease symptoms, including lesions and discoloration on leaves or stems. YOLOv6 
utilizes an anchor-free mechanism that directly predicts bounding box coordinates 
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relative to reference points within the image. During training, mosaic augmentation 
and label smoothing improve the model’s ability to distinguish between healthy 
crops and various disease classes. In post-processing, non-maximum suppression 
eliminates overlapping detections to ensure precise localization of affected regions. 
When deployed in real time, this integrated pipeline allows immediate intervention, 
helping farmers protect crops and minimize damage efficiently.

Feature extraction with convolutional neural network (CNN) backbone
YOLOv6 employs a CNN backbone (e.g., CSPDarknet53) to extract feature 
representations F from input images I:

𝐹𝐹 = 𝐶𝐶𝐶𝐶𝐶𝐶𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏(𝐼𝐼) 

The convolutional layers apply filtering operations followed by Rectified Linear Unit 
(ReLU) activation, batch normalization, and other nonlinear activation functions to 
generate feature maps that capture patterns indicative of crop diseases.

Anchor-free bounding box prediction

YOLOv6 predicts bounding boxes 𝐵𝐵 = ( 𝑏𝑏𝑥𝑥 , 𝑏𝑏𝑦𝑦 , 𝑏𝑏ℎ , 𝑏𝑏𝑤𝑤)  directly relative to reference 
points within the image:

𝑏𝑏𝑥𝑥 , 𝑏𝑏𝑦𝑦 , 𝑏𝑏ℎ, 𝑏𝑏𝑤𝑤  = 𝐶𝐶𝐶𝐶𝐶𝐶ℎ𝑒𝑒𝑒𝑒𝑒𝑒(𝐹𝐹) 

Here, bx and by​ represent the center coordinates, while bh and bw are the width and 
height of the bounding box, predicted based on features extracted by the backbone 
network.

Training with augmentation and label smoothing
During training, mosaic augmentation combines four images into one to improve 
robustness:

𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 = 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀(𝐼𝐼1, 𝐼𝐼2, 𝐼𝐼3, 𝐼𝐼4) 

Label smoothing modifies ground-truth labels Y to reduce overfitting and enhance 
generalization:

𝑌𝑌𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠ℎ =  𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿ℎ𝑖𝑖𝑖𝑖𝑖𝑖(𝑌𝑌) 

Loss function calculation
YOLOv6 minimizes a combined loss function L consisting of bounding box regression, 
confidence, and classification losses:
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Bounding box regression loss (Lbox),

𝐿𝐿𝑏𝑏𝑏𝑏𝑏𝑏 = 𝜆𝜆𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐∑∑ 1𝑖𝑖𝑖𝑖
𝑜𝑜𝑜𝑜𝑜𝑜[(𝑥𝑥𝑖𝑖 − 𝑥̂𝑥𝑖𝑖)2 + (

𝐵𝐵

𝑗𝑗=0

𝑆𝑆2

𝑖𝑖=0
𝑦𝑦𝑖𝑖 − 𝑦̂𝑦𝑖𝑖)2] 

Confidence loss (Lconf),

𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = ∑∑ 1𝑖𝑖𝑖𝑖
𝑜𝑜𝑜𝑜𝑜𝑜[𝜎𝜎(𝑏𝑏𝑖𝑖)

𝐵𝐵

𝑗𝑗=0
 − 𝑏𝑏𝑖𝑖𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡]2

𝑆𝑆2

𝑖𝑖=0
 

Classification loss (Lclass)

𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 =∑∑ 1𝑖𝑖𝑖𝑖
𝑜𝑜𝑜𝑜𝑜𝑜 ∑ [𝜎𝜎(𝑐𝑐/𝑏𝑏𝑖𝑖)

𝑐𝑐∈𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐

𝐵𝐵

𝑗𝑗=0
− 𝑐𝑐𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡]2

𝑆𝑆2

𝑖𝑖=0
 

Here, λcoord balances the importance of coordinate predictions, ​ 1ij
obj indicates if an object 

is present in grid cell i and bounding box j, σ represents the sigmoid function, and bi
true 

and ctrue are ground-truth values.

Post-processing with non-maximum suppression (NMS)
After prediction, NMS removes redundant overlapping bounding boxes:

𝑁𝑁𝑁𝑁𝑁𝑁(𝐵𝐵) = {𝑏𝑏 ∊ 𝐵𝐵|𝐼𝐼𝐼𝐼𝐼𝐼(𝑏𝑏, 𝑏𝑏′) < 𝑡𝑡ℎ𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑜𝑜𝑜𝑜𝑜𝑜} 

where IoU denotes the Intersection over Union between predicted boxes b and b′, and 
the threshold defines the allowable overlap.

Real-time deployment
In real-time operation, YOLOv6 processes input images I from field cameras using 
trained parameters θ and produces disease detection outputs:

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 = 𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌6(𝐼𝐼,𝜃𝜃) 

This pipeline enables timely detection and intervention to mitigate crop disease spread 
and improve agricultural productivity. Following detection, the system sends alerts 
directly to the farm owner through a dedicated mobile application. When symptoms 
such as lesions or discoloration are identified, the model processes the captured 
images in real time and evaluates them against predefined detection thresholds. Upon 
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confirming disease presence, the application generates and transmits an alert message 
to the owner’s phone. This immediate notification enables prompt intervention, 
limiting disease spread and protecting crop yield. The integration of automated 
alerts strengthens responsiveness and supports informed, data-driven agricultural 
management.

Experimental setup
The framework of the proposed AI-IoT-based vertical harvesting system (Figure 2) 
utilized an EC sensor to measure nutrient concentrations in aeroponic and hydroponic 
systems. This sensor was calibrated to detect variations that are critical for optimal 
plant growth. A moisture sensor was deployed to monitor soil water content in soil-
based crops. Both sensors were interfaced with a microcontroller (Arduino Mega 2560), 
which processed analog inputs and controlled digital outputs. The microcontroller 

Figure 2. System architecture of the proposed Artificial Intelligence-Internet of Things (AI-IoT)-
based vertical harvesting and monitoring system.
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transmitted data to the cloud via Amazon Web Services Internet of Things (AWS IoT), 
where incoming data streams were stored and analyzed in real time. Cloud-based 
algorithms evaluated predefined thresholds, such as low nutrient levels, and triggered 
automated alerts when necessary.
A Raspberry Pi high-quality camera module captured real-time images of crop 
conditions. These images were preprocessed and analyzed using the YOLOv5 machine 
learning model to enable accurate disease detection and classification. Upon detection 
of disease symptoms, alerts were sent via email and Short Message Service (SMS) 
through Amazon Web Services Simple Notification Service (AWS SNS), ensuring 
timely notification for intervention.
The proposed system was implemented using a multi-layer vertical structure 
comprising soil-based, hydroponic, and aeroponic units. Moisture sensors were 
installed within soil layers, while EC sensors were positioned in hydroponic 
nutrient tanks to continuously monitor nutrient concentration. The camera module 
was mounted to capture real-time crop images for disease detection. All sensing 
devices were connected to a central microcontroller responsible for data acquisition, 
preprocessing, and transmission to the cloud platform. Relay modules interfaced with 
irrigation pumps and nutrient valves allowed automated control actions based on 
predefined threshold values and AI-based analysis.
A water tank was constructed to provide a continuous water supply to the crops. The 
system automatically activated the water tank and irrigation mechanism to deliver 
the required water when it detected inefficient nutrient levels or inadequate moisture 
conditions. If disease presence was predicted, the system generated immediate alerts 
to notify the owner, enabling prompt corrective action.

Performance metrics
These metrics quantitatively evaluate the accuracy and effectiveness of machine 
learning and image processing models. They measure accuracy, precision, recall, and 
overall performance by comparing predicted outputs with ground-truth labels and 
determine whether the model is reliable and suitable for tasks such as crop monitoring 
and disease prediction.
Accuracy (A): Measures the proportion of correctly classified instances among all 
instances.

𝐴𝐴 = 𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹 

Precision (P): Quantifies the correctness of positive predictions.

𝑃𝑃 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 
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Recall (R): Measures the ability to correctly identify positive instances.

𝑅𝑅 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 

F1-Score (F1): Represents the harmonic mean of precision and recall, providing a 
balanced metric.

𝐹𝐹1 = 2 ∗ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃. 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 + 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 

Here, TP and TN denote True Positive and True Negative, while FP and FN represent 
False Positive and False Negative, respectively.

RESULTS AND DISCUSSION
The vertical harvesting system optimized land use through vertically stacked crop 
layers, increasing production per unit area compared to conventional cultivation. 
The integration of hydroponic and aeroponic techniques reduced water consumption 
and nutrient loss while improving growth rates and yield consistency. Continuous 
real-time monitoring using camera systems and machine learning enabled timely 
disease detection and intervention. The system also reduced reliance on pesticides 
and herbicides, lowered transportation-related carbon emissions due to proximity to 
urban areas, and supported year-round cultivation, contributing to improved food 
security and environmental sustainability.
The performance of the real-time crop condition classification model was evaluated 
using a confusion matrix (Figure 3). The results showed difficulty in distinguishing 
between the four classes: Poor, Average, Good, and Excellent. A substantial proportion 
of “Excellent” instances (67 %) were misclassified as “Poor,” while 57 % of “Poor” 
instances were incorrectly predicted as “Excellent.” The “Good” category achieved 41 
% correct classification with notable dispersion into other classes. Similarly, only 27 % 
of “Average” instances were correctly identified, with frequent misclassification into 
“Poor” and “Good.” These findings indicate that the model particularly struggled with 
extreme categories, meaning it requires further refinement to improve classification 
reliability.
Hydroponic nutrient dynamics were analyzed over time (Figure 4), evaluating nutrient 
concentration (mg L-1) variations for potassium, phosphorus, calcium, magnesium, 
and nitrogen. The model compared observed nutrient levels with predefined threshold 
values to regulate automated nutrient supply. Phosphorus and magnesium remained 
relatively stable over time, while potassium and nitrogen showed slight variations. 
Calcium fluctuated within shorter intervals, reflecting dynamic nutrient adjustments.
The EC of the hydroponic solution (Figure 5) initially measured 2.6 mS cm-1 and 
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Figure 3. Confusion matrix for real-time crop condition classification.

Figure 4. Temporal variation of hydroponic nutrient concentrations.

gradually increased to a peak of 4.5 mS cm-1, indicating higher dissolved salt 
concentration, and later decreased to 2.9 mS cm-1. The pH variation of the hydroponic 
solution (Figure 6) through time showed an increase from 5.5 to a maximum of 6.5, 
and then decreased to 5.6. This pattern indicated a gradual shift from acidic to near-
neutral conditions before returning toward slightly acidic levels. Such variations were 
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likely influenced by factors including water source changes and nutrient adjustments.
Quantitative evaluation demonstrated strong disease detection performance. The 
proposed method achieved an accuracy of 96 %, with 95.5 % precision, 96 % recall, and 
an F1-score of 94 %. These results confirmed balanced precision and recall, indicating 
robust and reliable performance in real-time crop monitoring.
Comparative analysis with baseline models further validated the effectiveness of 
the proposed approach. The Convolutional Neural Network (CNN) achieved 94 % 

Figure 6. Temporal variation of pH Levels in hydroponic nutrient solution

Figure 5. Temporal variation of electrical conductivity (EC) in hydroponic solution.
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accuracy, the Support Vector Machine (SVM) achieved 95.8%, Extreme Gradient 
Boosting (XGBoost) achieved 88 %, Long Short-Term Memory (LSTM) achieved 90 
%, and Long Short-Term Memory-Recurrent Neural Network (LSTM-RNN) achieved 
95 %. The proposed YOLOv5 model outperformed all comparison models with 96 % 
accuracy. In addition to superior accuracy, it maintained strong precision (95.5 %) and 
recall (96 %), demonstrating consistent and balanced performance across evaluation 
metrics.
Sensor-based automation further reduced unnecessary irrigation events by maintaining 
moisture and EC levels within optimal thresholds, confirming the effectiveness of the 
quantitative optimization framework. Overall, the integrated system demonstrated 
reliable monitoring, accurate disease detection, efficient nutrient regulation, and 
improved agricultural resource management.

CONCLUSION
The proposed system is well suited for controlled vertical farming environments and 
has the potential to improve productivity under land and resource constraints. Despite 
its strong performance, certain limitations remain. The evaluation was conducted under 
controlled environmental conditions, and large-scale deployment may require further 
calibration to accommodate diverse climatic variations. The framework depends on 
continuous sensor connectivity and camera availability, which may increase initial 
setup costs for small-scale farmers. In addition, disease detection performance relies 
on dataset diversity; rare diseases or previously unseen crop varieties may reduce 
prediction accuracy.
Future work includes large-scale deployment across varied climatic and operational 
conditions to evaluate robustness and scalability. Integrating additional sensors, 
such as CO₂ and light intensity sensors, could further enhance precision farming 
capabilities. Extensions may also involve advanced deep learning architectures, 
expanded and more diverse datasets, and the incorporation of predictive analytics, 
cloud-edge computing, and drone-based monitoring to support fully autonomous 
and scalable smart farming systems.
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ABSTRACT
The fig (Ficus carica L.) is a crop of high commercial and nutritional value that has motivated 
research into agronomic practices to improve its production and quality. Pruning is an essential 
practice to reduce tree size and promote intensive production in protected systems. In this 
study, the effect of the number of productive branches and pruning at different numbers of 
nodes on the growth and yield of fig cv. Nezahualcóyotl was evaluated. The experiment was 
conducted in a tunnel greenhouse at the Postgraduate College (19° 27’ 34’’ N and 98° 54’ 12’’ W, 
at an altitude of 2247 m). Plants were established from the first year in 20 L pots with a substrate 
of tepetate, pine needles, and forest soil (1:1:1 v/v). A generalized randomized complete block 
design was used with three blocks (4, 6, and 8 branches per plant) and four pruning treatments 
(4, 6, and 8 nodes and no pruning), with five replicates per treatment. Vegetative growth and 
yield variables were evaluated, and means were compared using Tukey’s test (p ≤ 0.05) in 
RStudio. Pruning every eight nodes with four branches per plant resulted in the greatest branch 
length (75.9 cm) and internode length (2.6 cm). Pruning every four nodes with the same number 
of branches promoted a greater number of lateral shoots (23 shoots), while pruning every four 
nodes and the treatment without pruning increased the total number of nodes per branch (34 
nodes). The combination of six branches pruned every eight nodes resulted in the highest 
number of fruits per plant (83 fruits). No significant differences were observed in average fruit 
weight or total yield per plant.

Keywords: Moraceae, Ficeae, pruning, intensive production, plant architecture.
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INTRODUCTION
Fig (Ficus carica L.) is one of the first plants domesticated by humans, originating in the 
Mediterranean region of Turkey and propagated worldwide since the 16th century. Its 
fruit, consumed fresh, dried, or processed, is highly valued for its nutritional content 
and health benefits, including its association with longevity and food security (Kiralan 
et al., 2023). Global fig production has increased due to its high commercial potential, 
ease of handling, and growing demand for the benefits it offers (Abbas et al., 2019). 
In Mexico, its cultivation has contributed to rural economic development, although 
it faces challenges such as pests, diseases, and adverse climatic factors, which have 
driven the adoption of protected production systems such as greenhouses (Mendoza-
Castillo et al., 2017).
Intensive greenhouse production allows precise control of key factors such as planting 
density, substrate management, and pruning, resulting in higher yields compared to 
open-field systems. However, inadequate practices in fertilization, water management, 
or vegetative growth control can significantly reduce productivity (Nosir, 2023). 
Agronomic management, including pruning, is crucial for adapting plant architecture 
to modern production systems, which aim to optimize fruit production for fresh 
consumption. Practices such as branch pruning, the use of growth regulators, and 
the generation of lateral shoots are essential to maximize productivity and facilitate 
cultural work (Ferrara and Mazzeo, 2023).
Leaves develop at the nodes of fig tree branches, and vegetative and floral buds 
originate in their axils. These buds give rise to the fruit, which may correspond to the 
current season (figs) or the previous season (early figs). For this reason, the number 
of nodes on a branch is directly related to the number of fruits and yield per tree. This 
is especially important in intensive pruning systems, which renew the canopy of fig 
trees annually. These systems require adequate branch growth to ensure a sufficient 
number of nodes and reproductive buds (Gonçalves et al., 2006). The common fig has 
a natural tendency toward vertical growth, making it necessary to implement specific 
pruning and management practices to limit upward growth and encourage the 
development of lateral shoots to increase fruit production (Ferrara and Mazzeo, 2023).
Based on their tolerance to pruning, fig cultivars can be divided into two categories: 
those that do not tolerate heavy annual pruning and those that can be intensively 
pruned while maintaining high yields. Cultivars in the first group tend to branch freely, 
producing a large number of lateral shoots. However, excessive pruning generates 
vigorous but unproductive shoots, significantly reducing plant yield. In contrast, as 
early fig crops are insignificant and produce vigorous fruit, the previous season’s 
wood is unnecessary in cultivars of the second group (Nosir, 2023). Therefore, the 
objective of this study was to evaluate the effect of the number of branches per plant 
and pruning according to the number of nodes under protected conditions in order to 
optimize vegetative growth and fig yield.
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MATERIALS AND METHODS

Location
This study was conducted from September 2022 to December 2023 at the “San 
José” experimental orchard, in the Postgraduate College Montecillo Campus, in the 
municipality of Texcoco, State of Mexico, Mexico (19° 27’ 34’’ N and 98° 54’ 12’’ W, at 
an altitude of 2247 m). The experiment was carried out in a 260 m2 tunnel greenhouse, 
covered with aphid-proof netting and 20 % shading.

Plant material
Five-year-old fig (Ficus carica L.) cv. Nezahualcóyotl plants were used, obtained from a 
collection established in 1982 by the Fruit Growing Center of the Postgraduate College. 
This variety is characterized by its environmental plasticity, high yield, and ease of 
management under intensive greenhouse conditions. The fruits are pear-shaped, with 
a large ostiole, red pulp, a neck, and a long peduncle. Under controlled conditions, 
they can reach yields of up to 120 Mg ha-1 (García-Ruiz et al., 2013). The plants were 
grown in 20 L pots using a substrate composed of tepetate, pine needles, and forest 
soil in a 1:1:1 (v/v) ratio.
The physical and chemical characteristics of the substrate were: bulk density of 1.2 g 
cm-3, sandy loam texture (55.5 % sand, 34.9 % silt, and 9.6 % clay), pH of 5.5, electrical 
conductivity of 3.23 dS m-1, organic matter content of 6.69 %, total nitrogen (N) of 0.31 
%, and available phosphorus (P) of 554.3 mg kg-1. Exchangeable bases, expressed in 
cmol(+) kg-1, include calcium (Ca) at 5.64, magnesium (Mg) at 1.99, potassium (K) at 
0.35, and sodium (Na) at 0.23. No carbonates were present.

Treatments and experimental design
Four pruning treatments were evaluated on the main branches: T1, pruning at four 
nodes; T2, pruning at six nodes; T3, pruning at eight nodes; and T4, no pruning. The 
experimental design was a generalized randomized complete block design, with three 
blocks defined according to the number of branches per plant: B1 (four branches), B2 
(six branches), and B3 (eight branches). Each treatment had five replicates, resulting in 
a total of 60 experimental units, with one plant per experimental unit. 
After pruning, the apical shoots were allowed to grow until they progressively reached 
the number of nodes corresponding to each treatment, while the lateral shoots were 
limited to a maximum growth of five nodes (Figure 1).

Crop management
The experiment began on September 26, 2022, with pruning at 20 cm above ground 
level, leaving only the main stem, from which the required branches emerged. 
Fertilization was carried out manually in three stages. During vegetative growth 
(December 2022 to March 2023), 10 g of Ultrasol-Growth (SQM, Mexico) was applied 
per plant every 30 d. During the growth and fruiting stage (April to June 2023), 5 g of 



Agrociencia 2026. DOI: https://doi.org/10.47163/agrociencia.v60i4.3411
Scientific Article 502

Ultrasol-Growth and 10 g of Ultrasol-Production were applied per plant, while during 
the final fruiting stage (July to December 2023), 10 g of each fertilizer was applied per 
plant every 30 d.
Irrigation was applied using a drip system with 8 L h-1 pressure-compensating emitters 
connected to a Hunter X-Core XC-200i four-stake timer distributor (Hunter Industries 
Inc., USA). The water volume applied was 2.7 L d-1 per plant from December 2022 
to March 2023 and 3.2 L d-1 per plant from April to December 2023. Harvesting was 
carried out twice per week from April to December 2023. Fruits were harvested when 
more than two-thirds of the surface had darkened and the fruit had softened.

Variables evaluated
Several variables related to vegetative growth and plant yield were evaluated. Branch 
length was measured using a measuring tape (Truper, Mexico), and the average was 
calculated according to the number of branches per plant; data were expressed in 
centimeters. The number of nodes was counted on each branch and averaged across 
all branches per plant, while internode length was obtained by dividing branch length 
by the number of nodes. Lateral shoots were recorded at the end of the experiment, 
and their number was averaged across the branches of each plant.
The number of fruits was determined by adding the fruits recorded at each harvest to 
obtain the total per plant. Fruit weight was measured individually in freshly harvested 
fruits using a digital scale, and the data were expressed in grams. Finally, yield per 
plant was calculated by multiplying the total number of fruits by their average weight. 

Figure 1. Pruning of branches of fig (Ficus carica L.) cv. Nezahualcóyotl. The distance between 
prunings was defined by the number of nodes (T1, T2, T3) and the control (T4). Pruning was 
done on plants with 4, 6, and 8 production branches.
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The cumulative values at the end of the experiment were expressed in kilograms per 
plant.

Statistical analysis 
Statistical analysis was performed using RStudio software version 4.2.1. The 
assumptions of homogeneity of variances (Bartlett’s test at 5 %) and normality (Shapiro-
Wilk test at 5 %) were verified. Differences among treatments were determined using 
Tukey’s test (p ≤ 0.05).

RESULTS AND DISCUSSION

Vegetative growth

Branch length
The yield of figs managed in intensive orchards is closely linked to branch growth, since 
the fruit develops at the nodes, specifically in the leaf axils (Gaaliche et al., 2011). In this 
study, pruning at different numbers of nodes and branch numbers per plant showed 
significant differences (p ≤ 0.05) in final branch length. Plants with four branches and 
pruning at eight nodes achieved the greatest branch length, with an average value of 
75.9 cm, similar to that produced by the treatment without pruning (Table 1). These 
data suggest a compensatory growth response to intermediate pruning severity.

Table 1. Vegetative growth of fig (Ficus carica L.) cv. Nezahualcóyotl (means ± standard deviation) in response to the number 
of branches in the plant and the number of nodes at the tip of the branches.

Combination Branch 
length (cm)†

Nodes at 
the branch

Internode 
length (cm)†

Lateral 
shoots†Branches on the plant Nodes at the tip

Four branches

Four nodes 54.8 bcd ± 6.7 22 c ± 2.9 2.5 ab ± 0.3 23 a ± 6.4
Six nodes 51.4 bcde ± 5.9 23 bc ± 2.0 2.3 abc ± 0.2 18 ab ± 3.1

Eight nodes 75.9 a ± 16.6 29 ab ± 3.6 2.6 a ± 0.4 14 ab ± 4.7
No pruning 66.2 ab ± 17.2 34 a ± 5.3 1.9 bcd ± 0.2 2 c ± 2.0

Six branches

Four nodes 37.1 de ± 5.1 16 d ± 1.9 2.3 abc ± 0.1 16 ab ± 6.1
Six nodes 45.4 bcde ± 9.6 20 cd ± 1.7 2.3 ab ± 0.4 18 ab ± 5.8

Eight nodes 60.2 abc ± 16.2 24 bc ± 3.7 2.5 a ± 0.4 12 b ± 4.2
No pruning 43.3 cde ± 3.8 28 ab ± 2.4 1.5 d ± 0.1 2 c ± 2.4

Eight branches

Four nodes 35.0 de ± 5.0 16 d ± 0.9 2.3 abc ± 0.3 17 ab ± 4.7
Six nodes 33.4 e ± 5.0 16 d ± 1.4 2.1 abcd ± 0.3 12 b ± 3.6

Eight nodes 43.1 cde ± 5.9 20 cd ± 1.3 2.2 abc ± 0.3 16 ab ± 1.9
No pruning 40.0 cde ± 5.0 23 bc ± 1.8 1.7 cd ± 0.2 2 c ± 1.5

†Average values per column with a different letter are different (p ≤ 0.05).
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Pruning temporarily reduces the apical dominance that the apex exerts over lateral 
buds, reconfiguring the hormonal signaling network and critically altering the source-
sink relationship immediately after cutting (Beveridge, 2023; Barbier et al., 2019; 
Madhumala et al., 2024). Pruning at eight nodes likely preserved enough leaf area and 
vascular connectivity to sustain carbon supply and facilitate the rapid replacement of 
the apex by a distal bud, thus avoiding any net penalty on elongation. This outcome 
contrasts with more intensive pruning or tree architectures that feature greater 
competition among apices. Gaaliche et al. (2011) reported an annual growth of 10 cm 
in fig branches grown under rainfed conditions, which was lower than the growth 
observed in this study.
Annual canopy renewal, achieved by removing the early fig crop, increases shoot length 
to more than 139 cm without affecting the main crop yield (Micheloud et al., 2018). The 
open-field cultivar ‘Roxo de Valinhos’, subjected to a severe pruning system (one fruit 
per node), produced branch lengths of up to 189 cm per year (Gonçalves et al., 2006). 
These differences may be attributed to environmental conditions and management 
practices, such as the use of intensive systems and cultivar genotype. However, in 
figs, this type of pruning does not affect fruit production, because the apical meristem 
continues to generate leaves and inflorescences along its axis (Gaaliche et al., 2011), 
as observed in this study under greenhouse conditions. Furthermore, the sequential 
growth of shoots prolongs the harvest period, requiring management practices such 
as irrigation, fertilization, and pruning to maintain continuous growth and high 
productivity (Leonel and Tecchio, 2010).

Nodes in the branch
The effect of the treatment combinations was significant (p ≤ 0.05) on the number of 
nodes per branch. The combination of four branches on unpruned plants showed 
the highest average number of nodes, with 34 nodes per branch (Table 1). Under 
temperate climate conditions in Argentina and with intensive pruning of ‘Brown 
Turkey’ and ‘Guarinta’ figs, Micheloud et al. (2018) observed branches with average 
lengths of 151.6 and 139.6 cm and 34.2 and 28.8 nodes per branch, respectively, which 
is consistent with this study. However, these authors reported longer branches with 
a lower percentage of fruit-bearing nodes (49.9 and 45 %). This suggests that not all 
available nodes become reproductive sites, possibly due to factors such as competition 
for resources or genetic limitations. In contrast, Gaaliche et al. (2011) reported, under 
Mediterranean climate conditions and with light pruning, percentages of fruit-bearing 
nodes ranging from 50.2 to 88.5 % in five cultivars, although with lower branch growth 
(14.25 cm).

Internode length
The effect of blocks (number of branches per plant) and treatments (number of nodes 
at pruning) showed significant differences (p ≤ 0.05) in internode length. Plants with 
4 and 6 branches, combined with pruning at eight nodes, exhibited greater average 
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internode lengths (2.6 and 2.5 cm, respectively) (Table 1). These values were lower 
than those reported by Micheloud et al. (2018) and Garza-Alonso et al. (2019), who 
recorded internode lengths ranging from 3.34 to 4.85 cm in different cultivars under 
protected conditions.
In contrast, Kumar et al. (2014) observed an increase in internode length from 2.89 
to 3.07 cm in ‘Deanna’ fig when the pruning level was reduced. These results may 
be attributed to the fact that moderate pruning preserved sufficient early leaf area 
and source capacity, while a multi-axis architecture increased canopy complexity, 
thereby modulating both the distribution of photoassimilates and the quality of light 
perceived by the expanding internodes. The elongation of each internode depends on 
the coordinated activity of cell division and elongation, processes strongly regulated 
by gibberellins and brassinosteroids, with auxin playing a modulating role under 
canopy shading conditions (Li et al., 2024).

Lateral shoots
The number of lateral shoots per branch differed significantly (p ≤ 0.05) depending 
on the treatment combination. The treatment with four branches and pruning at 
four nodes showed the highest number of lateral shoots (Table 1). These results are 
consistent with those reported by Ateyyeh and Sadder (2006), who observed lateral 
shoot growth ranging from 1.9 to 6.3 shoots per branch in a traditional fig tree pruning 
and training system. Furthermore, these authors noted that most lateral shoots 
emerged from the distal nodes of the branches, whereas the basal nodes exhibited 
limited lateral development.
This finding is consistent with the results obtained in the present study, in which all 
topped branches generated lateral shoots predominantly at distal nodes. These results 
may be attributed to a stronger release of apical dominance and a rapid redistribution 
of the source-sink balance toward axillary buds near the cut point. Pruning eliminates 
a highly demanding apex and reduces the inhibitory control associated with the 
dominant axis, thereby allowing bud activation and transition to growth (Beveridge, 
2023; Barbier et al., 2019). This process does not depend solely on a gradual decline 
in auxin within the stem, since early increases in promotive signals within the bud 
may occur after pruning, accompanied by a rapid reconfiguration of metabolites and 
carbon signaling (Cao et al., 2023).

Yield

Fruits per plant
During the warmer months, figs are harvested daily, but as temperatures decrease, 
fruit ripening slows and harvesting is reduced to once per week (Gariglio et al., 2014). 
Since figs ripen sequentially with shoot growth, greater vegetative development 
prolongs the harvest period, and the number of fruits per plant depends directly on 
branch length and the number of nodes per branch (Gaaliche et al., 2011). To maintain 
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stable and high productivity in fig trees, it is essential to promote shoot development 
through appropriate cultural practices such as irrigation, fertilization, and pruning 
(Micheloud et al., 2023).
Annual intensive pruning, in addition to reducing plant size and allowing higher 
planting density, promotes increased branch length, thereby increasing the number 
of fruits per plant and extending the harvest period. In this study, the number of 
productive branches per plant and the number of nodes at pruning had a significant 
effect (p ≤ 0.05) on the number of fruits per plant. The combination of six branches 
per plant with pruning at eight nodes resulted in the highest number of fruits per 
plant, with an average of 83 fruits, exceeding the value obtained with six branches 
and pruning at four nodes (43 fruits) (Table 2). These values were lower than those 
reported by Nienow et al. (2006) for the ‘Roxo de Valinhos’ fig, who recorded 46 fruits 
on plants with four branches, 50 fruits on six branches, 95 fruits on eight branches, and 
113 fruits on 12 branches.
Under open-field conditions with supplemental irrigation in Argentina, Micheloud et 
al. (2018) reported values closer to those obtained in this study, with averages of 15.4 
and 14.2 fruits per shoot in the fig varieties ‘Brown Turkey’ and ‘Guarinta,’ respectively. 
Similarly, Kumar et al. (2014) observed that, in the fig variety ‘Deanna’ under different 
spacings, plants pruned to eight nodes per branch produced an average of 85 fruits 
per plant, whereas those pruned to six nodes yielded only 68 fruits. These results are 
consistent with those of the present study, in which pruning management and branch 
number were key factors in maximizing fruit production.

Table 2. Yield of fig (Ficus carica L.) cv. Nezahualcóyotl (means ± standard deviation) in response to the 
number of branches on the plant and the number of nodes at the tip of the branches.

Combination Fruits per
plant†

Fruit 
weight (g)

Yield
(kg per plant)Branches on the plant Nodes at the tip

Four branches

Four nodes 48 ab ± 16.6 44.7 a ± 3.3 2.15 a ± 0.8
Six nodes 55 ab ± 11.7 43.2 a ± 6.4 2.42 a ± 0.7

Eight nodes 81 ab ± 20.3 42.2 a ± 3.5 3.40 a ± 0.9
No pruning 71 ab ± 26.8 47.3 a ± 8.1 3.47 a ± 1.9

Six branches

Four nodes 43 b ± 12.6 43.5 a ± 5.5 1.86 a ± 0.5
Six nodes 53 ab ± 18.0 44.2 a ± 2.8 2.36 a ± 0.9

Eight nodes 83 a ± 25.3 48.9 a ± 5.1 4.14 a ± 1.7
No pruning 66 ab ± 9.0 44.4 a ± 6.1 2.95 a ± 0.8

Eight branches

Four nodes 57 ab ± 19.7 44.1 a ± 3.1 2.52 a ± 0.9
Six nodes 58 ab ± 15.2 45.3 a ± 5.0 2.67 a ± 0.9

Eight nodes 71 ab ± 17.4 43.6 a ± 2.9 3.13 a ± 1.0
No pruning 62 ab ± 9.7 46.7 a ± 6.6 2.93 a ± 0.8

†Mean values per column with a different letter are different (p ≤ 0.05), means ± standard deviation.
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Because axillary buds can rapidly differentiate into reproductive structures, the 
number of active nodes acts as an immediate structural limit to the productive potential 
of the shoot (Singh, 2023). Therefore, more nodes per branch increased the number 
of available fruiting sites and favored the continuity of vegetative-reproductive 
development, which depends on the supply of photoassimilates. In contrast, fewer 
nodes per branch, despite stimulating bud emergence through reduced apical 
dominance, tend to prioritize vegetative regrowth. This reallocation of carbon and 
nutrients toward new growth may reduce the proportion of reproductive structures.

Fruit weight
Fruit weight is one of the most important characteristics in the fresh fruit market, as 
it directly influences market prices. In addition, it plays a key role in fruit packaging 
and transport (Pérez-Sánchez et al., 2016). Smaller fruits are typically destined for 
processing and packaging, whereas larger fruits are preferred for fresh consumption. 
In this study, the interaction between the number of branches per plant and the number 
of nodes at pruning had no effect (p ≤ 0.05) on average fruit weight. All treatment 
combinations ranged from 42.2 to 48.9 g (Table 2). These results are consistent with 
those reported by Mendoza-Castillo et al. (2017), who worked with plants of the same 
cultivar having between 3 and 8 branches and likewise found no significant differences 
in fresh fruit weight, although they obtained slightly higher average values (52.37 to 
58.45 g).
On the other hand, Kumar et al. (2014) evaluated ‘Deanna’ figs with plants containing 4, 
6, and 8 branches and reported average fruit weights ranging from 42.6 to 65.7 g. Final 
fruit weight depends on the coordination between cell division and cell expansion, 
processes regulated by hormonal networks and influenced by environmental 
conditions and management practices (Zhao et al., 2021). In perennial fruit trees, 
changes in canopy architecture are generally reflected more in fruit load than in 
consistent reductions in individual fruit weight (Rossouw et al., 2024). Likewise, in 
intensive systems, fruit weight responds more strongly to cultivar, season, and fruit 
load per shoot than to the training system itself because of local source-sink restrictions 
(Galán et al., 2025).

Yield per plant
The yield of fruit trees is critically influenced by the balance between vegetative growth 
and fruit production. In fig cultivation, this balance is especially important, as fig and 
early fig fruits develop during the continuous growth of annual shoots (Gaaliche et 
al., 2011). Annual canopy renewal through intensive pruning is an effective strategy 
to promote shoot development, extend the harvest period, and increase annual yield. 
Currently, intensive greenhouse production systems that combine high planting 
densities, the use of containers and substrates, management of the number of branches 
per plant, and severe pruning can increase yields by up to 20-fold compared with 
open-field plantations (Mendoza-Castillo et al., 2017).
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In this study, the combinations of branches per plant and nodes at pruning showed 
no significant differences (p ≤ 0.05) in yield. However, the combination of six branches 
per plant with pruning at eight nodes resulted in a higher annual yield than the other 
combinations, reaching 4.14 kg per plant (Table 2). This is similar to the results reported 
by Kumar et al. (2014), who observed yields of 4.04 kg per plant with pruning at eight 
nodes and 3.29 kg per plant with pruning at six nodes in the ‘Deanna’ fig. In contrast, 
Nienow et al. (2006), working in Brazil with ‘Roxo de Valinhos’ figs at a spacing of 1.5 
× 1.9 m and plants with 8 to 12 branches, reported considerably higher average yields, 
ranging from 11.34 to 11.65 kg per plant. Conversely, the results of the present study 
were higher than those reported by Leonel and Tecchio (2010), who found yields of 
1.13 kg per plant without irrigation and 2.5 kg per plant with irrigation. Shoot length 
is closely related to the number of nodes, reproductive buds, and yield per plant 
(Gonçalves et al., 2006; Gaaliche et al., 2011).
Arrangements with fewer nodes tend to redirect resources toward vegetative 
reconstruction after apical removal, which may reduce the proportion of reproductive 
structures that develop into harvestable fruit, particularly when light interception and 
canopy microenvironment become determining factors (Singh et al., 2025). Therefore, 
the integration of appropriate pruning practices, together with modern technologies 
and proper agronomic management, is fundamental to optimize fig productivity in 
intensive systems.

CONCLUSIONS
Managing the number of branches per plant and pruning at different numbers of 
nodes proved to be an effective strategy for improving vegetative growth and yield 
of the ‘Nezahualcóyotl’ fig under protected conditions. Pruning at eight nodes with 
four branches maximized key vegetative parameters such as branch length and 
internode length, while pruning at four nodes with four branches favored lateral 
shoot development. The combination of six branches and pruning at eight nodes was 
the most efficient in terms of yield, achieving the highest number of fruits and the 
greatest yield per plant.
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ABSTRACT
In the mid-20th century, the theory of economic growth predicted a gradual decline in 
the agricultural sector’s share of the overall economy. This prediction is based on specific 
assumptions about the sector that are not necessarily true at all times. In the case of Mexico, 
to test this theoretical prediction, an empirical analysis was conducted using quarterly data 
covering the period from 1993 to 2024. The hypothesis to be tested was that the contribution of 
agriculture may follow its own trajectory, independent of the prediction of a secular decline in 
the sector. During the period examined, using a linear adjustment of the agricultural sector’s 
contribution with a structural break, both a declining trend and a more recent increasing trend 
in its contribution were found, thus refuting the prediction of classical growth theory. Although 
the theoretical prediction points in one direction, the empirical result is different. The share of 
the agricultural sector may follow its own pattern in economic evolution. In the search for an 
explanation of the sector’s recent trend, quantity and price indices were constructed to explore 
whether the aforementioned adjustment is due to price or quantity. The results indicate that the 
price component is the basis for explaining the observed phenomenon.

Keywords: economic growth, agricultural growth, price index, quantity index.

INTRODUCTION
In economic development, there has been a decline in the share of agricultural activity 
in the overall economy (Anderson, 1987; Gómez-Oliver, 1995; Byerlee et al., 2009; Baer-
Nawrocka, 2016). This trend has been predicted in economic development models 
such as those by Lewis (1954), Johnston and Mellor (1961), and Ranis and Fei (1961). 
Among the reasons cited for this trend are the dual nature of the economy, the low 
marginal productivity of factors such as labor in agriculture, and low income elasticity 
for agricultural goods, among others.
Empirical tests show that these assumptions are sometimes false, allowing for 
agricultural development that can maintain or increase agriculture’s relative share of 
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the economy. In other words, although a decline in the share is expected as economic 
development progresses, the latter may be questionable. This phenomenon has 
been observed empirically by Alston and Pardey (2014), especially if the process 
is accompanied by improvements in factor productivity, changes in tastes and 
preferences, and trade flows with the rest of the world. From an empirical perspective, 
the objective is to examine the trend in agriculture’s share of the economy using 
quarterly data from Mexico. It is emphasized that economic development can be 
consistent with different patterns of agricultural participation and not necessarily 
with a secular decline, which constitutes the working hypothesis.

MATERIALS AND METHODS
Quarterly data on national gross domestic product (GDP) and the agricultural sector 
from 1993 to 2023 were used, obtained from the Bank of Mexico’s website (Banxico, 
2023). The two series were used at both current prices (without adjusting for inflation) 
and at 2018 prices, which implicitly eliminates the effect of inflation by using that year 
as the valuation base.
Based on current data prices, the share of Mexican agriculture in the overall economy 
was calculated. In this calculation, the following ratio was used:

𝑅𝑅𝑡𝑡 = 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝑡𝑡 𝐺𝐺𝐺𝐺𝐺𝐺𝑡𝑡⁄  

where R is the contribution of agriculture to the economy, GDPA is the agricultural 
gross domestic product, and GDP is the gross domestic product of the economy. Note 
that both the numerator and the denominator are value-based quantities (nominal 
MXN); however, R is a dimensionless number ranging from 0 to 1, which measures the 
proportion or contribution of agriculture to the total economy (Gómez-Oliver, 1995; 
Byerlee et al., 2009; Alston and Pardey, 2014).

A regression line was fitted to the ratio R to capture its trend over time (t), incorporating 
a breakpoint in the last quarter of 2006 to estimate the slope before and after that 
point. The break, however, is empirical in nature and is not associated with a specific 
event. Since both the numerator and denominator of the indicator consist of prices 
and quantities, the ratio of GDP to GDP2018 at 2018 prices was used to explore the 
explanation for this behavior, that is:

𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑡𝑡 = 𝐺𝐺𝐺𝐺𝐺𝐺𝑡𝑡
𝐺𝐺𝐺𝐺𝐺𝐺2018

 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑡𝑡 = 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝑡𝑡
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺2018

 

where IGDP and IGDPA are the implicit price indices for GDP and GDPA, respectively, 
and GDP2018 and GDPA2018 represent GDPs at constant prices at the 2018 base year. 
These indicators reflect price growth in the economy as a whole and in the agricultural 
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sector, with regard to the base year to which they are normalized (Garavito-Acosta et 
al., 2011). They also allow for a comparative analysis of the relative evolution of prices 
in each sector.
To analyze trends in quantities, an implicit quantity index (IQ) was constructed using 
GDP (GDPA2018 and GDP2018) and normalized to the GDP value for the first quarter of 
2018 for each variable (Guerrero-de Lizardi, 2021). This produced a quantity index 
normalized to 1 for the base period:

𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑡𝑡 = 𝐺𝐺𝐺𝐺𝐺𝐺2018
𝐺𝐺𝐺𝐺𝐺𝐺𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏

 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑡𝑡 = 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺2018
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏

 

where GDPbase and GDPAbase are the respective gross domestic products for the first 
quarter of 2018, which was used as the base period. Tracking these indices helps 
understand the behavior of the agriculture-to-total-GDP ratio, with a focus on the 
quantity component.

RESULTS AND DISCUSSION
The trend in agriculture’s share of the total economy (Figure 1) showed regression lines 
with a structural break. The regression of the first quarters through the last quarter of 
2006 relative to the trend over time had a negative slope of -0.026, which is statistically 
significant (p = 0.0001). In contrast, for the subsequent quarters, the regression of this 
ratio over time showed a positive slope of 0.011, which is also statistically significant 
(p = 0.0001). Agriculture’s contribution to the economy showed a downward trend; 

Figure 1. Agriculture’s contribution to the total economy (R) in Mexico over time (T). First-period 
regression: R = 2.8778 – 0.0260T; second-period regression: R = 1.1379 + 0.0107T.
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however, this trend breaks and gives way to an upward trend, which contradicts the 
predictions of agricultural development models.
Since the value of agricultural production is the product of prices and quantities, its 
increase can be explained by rises in prices, quantities, or a combination of both. First, 
the behavior of aggregate prices was analyzed by comparing implicit price indices 
(Church, 2016). Both indices showed a similar trend; however, toward the end of the 
period, an increase in the IGDPA was observed, indicating a relative rise in agricultural 
prices (Figure 2). To reinforce this analysis, the difference between the two indices was 
examined, which turns positive toward the end of the period studied (after 2022).

Figure 2. Implicit price indices for GDP and agriculture GDP in Mexico over time (T) (+: Agriculture, 
*: Total economy, ∆: Difference).

This result helps explain the recent increase in agriculture’s contribution to the 
economy. If agricultural products become relatively more expensive, the value of 
production increases. This trend may be linked to factors such as changes in tastes 
and preferences and the effects of foreign trade (e.g., the increase in avocado exports 
and its impact on domestic prices) (del Moral-Barrera and Murillo-Villanueva, 2016).
Regarding quantities, the behavior of the quantity indices (Figure 3) and the differences 
between them were analyzed. A rising trend was observed in both indices, except for 
greater variability in the agricultural index. This implies that agriculture’s share of the 
economy has a slight quantity component; however, upon examining the differences, 
no trend favoring one index over the other is found, but rather a slight predominance 
of negative differences around zero. This implies that the behavior of agriculture’s 
share is dominated primarily by the trajectory of prices.
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A third possibility that has not been explored is a shift in crop patterns resulting from 
changes in relative prices, technological advances, and/or changes in agricultural 
policy. This goes beyond the scope of this study; the current approach assumes 
that such effects are already factored into changes in prices and quantities, without 
compromising the rigor of the analysis.
It is important to note which factors can influence prices. Assuming a constant supply, 
a higher price may be due to changes in tastes and preferences; that is, a greater 
willingness to pay for certain products such as chicken breast (Téllez-Delgado et al., 
2016), beef, or certain fruits and vegetables like avocados and lemons (Barrera-Rojas 
et al., 2022). On the other hand, access to foreign markets can lead to shortages in the 
domestic market and drive prices up, as is the case with avocados. The foreign market 
also presents an opportunity to produce goods that would otherwise not be produced 
or would have limited supply, such as asparagus (Valenzuela-Romero et al., 2022) and 
cranberries (Martínez-Barajas and Torres-Zambrano, 2022).
The central idea is that, with economic development, the agricultural sector may 
exhibit its own distinct behavior, differing from the relative decline posited by classical 
theories. As early as 1961, Johnston and Mellor (1961) noted that one of agriculture’s 
contributions to economic development is the generation of surplus for industrial 
development. For his part, Lenin (1992) indicates that this transfer is possible due to the 
existence of a large non-capitalist peasant sector. However, González-Estrada (2016) 
shows that, since 1970, Mexican agriculture has been characterized by a predominance 
of capitalist forms of enterprise production, meaning that the possibilities for continuing 
the transfer of economic surplus from agriculture to other sectors have come to an end. 

Figure 3. Quantity indices of GDP and agriculture GDP in Mexico over time (T) (+: Agriculture, *: 
Total economy, ∆: Difference).
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This means that the role of agriculture in countries’ economic development changes 
over time.
In Mexico, agriculture’s contribution of economic surpluses to the development of 
industry and cities has already served its purpose. The capitalist sector of agriculture 
requires, in order to exist, an average rate of profit similar to that of the rest of the 
economy. The decline in agriculture’s share of GDP is not an inexorable law, but 
rather a trend; therefore, it may well happen that, in certain periods and under certain 
circumstances, agriculture’s contribution increases. This study presents statistical 
evidence of this behavior.
From 2008 onward, with the elimination of tariffs and duties on agricultural products 
in Mexico and the United States under the North American Free Trade Agreement, 
Mexican exports of fruits and vegetables to the United States began to grow rapidly, 
as did their prices. This explains the change in the slope of the agricultural price 
index trend. In this regard, Obstfeld and Rogoff (1996) showed that the dynamics of 
economic sectors integrated into foreign trade are greater than those of sectors not 
participating in such trade, and that the greater the relative participation, the higher 
the growth rates. Agriculture is one such sector; fruit and vegetable production is 
largely exported to the United States, while the staple grain sector imports over 20 
million Mg from that country (USDA, 2023).

CONCLUSIONS
In Mexico, starting in 2007, there has been an increase in the contribution of agriculture 
to the overall economy, following a downward trend, as predicted by classical models 
of agricultural development. This result contradicts those predictions; without 
presenting an agricultural development model for Mexico, we conclude that the 
behavior over time of agriculture’s share of the economy does not necessarily follow 
a pattern of secular decline in the agricultural sector’s contribution to the overall 
economy. The observed agricultural development is consistent with an increase in its 
share, which is primarily due to price changes rather than changes in quantities.
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ABSTRACT
Ecological circular agriculture is a necessary choice for sustainable agricultural development. 
It is crucial for alleviating resource-environmental pressures and balancing ecological and 
economic progress. Within this context, the role of carbon trading policy is significant, as it 
acts as a catalyst in promoting the vitality of ecological circular agriculture. However, there 
is a dearth of research on how carbon trading affects the development of ecological circular 
agriculture. Therefore, this study aims to fill this gap by examining the impact of carbon trading 
policy on ecological circular agriculture and its underlying mechanisms. Panel data from 30 
provincial-level administrative regions in China spanning 2006–2021 was used to construct a 
multidimensional index for ecological circular agriculture and apply a difference-in-differences 
(DID) approach. The findings reveal that carbon trading policy can enhance ecological 
circular agriculture in pilot provinces (municipalities) by 3.5 %, primarily through improved 
ecological technology and agricultural carbon productivity to drive the green transformation 
of agriculture. The effects are most pronounced in the western Chinese region and areas with 
stronger agricultural labor productivity. This research improves the understanding of carbon 
trading mechanisms in agricultural systems and provides insights for designing effective carbon 
trading mechanisms.

Keywords: sustainable agriculture, carbon trading policy, difference-in-differences (DID) 
model, mechanism analysis. 

INTRODUCTION
Ecological circular agriculture is a production approach focused on the cyclic 
utilization of agricultural resources. It minimizes resource waste and environmental 
pollution by establishing closed-loop material circulation systems (Podger et al., 2016). 
Research demonstrates its significant impacts on agricultural sustainability, ecological 
integrity, and public health (Yue et al., 2022; Wang et al., 2025). However, ecological 
circular agriculture in China faces more acute challenges than developed nations, with 
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the excessive application of chemical fertilizers and pesticides remaining prevalent in 
routine farming practices (Hu and Liu, 2024).
In 2023, the fertilizer use intensity of China was recorded at 390.4 kg ha-1 and pesticide 
use intensity at 6.2 kg ha-1 (NBS, 2024). The fertilizer use intensity was significantly 
higher than the globally recommended safe level of 225 kg ha-1. Moreover, pesticide 
overuse leads to the migration of residues into water systems and food chains through 
soil and rainwater, endangering soil safety, ecosystems, and human health (Sun et al., 
2012). These practices have caused soil compaction, acidification, microbial community 
disruption, and fertility degradation (Qi et al., 2020), directly impairing crop growth 
and agricultural product quality (Cheng et al., 2025). Therefore, to achieve sustainable 
agricultural development and the health and well-being of residents, it is necessary to 
actively promote the development of ecological circular agriculture.
Previous studies indicate that the development of ecological circular agriculture 
is influenced by multiple factors, including agricultural technology, practitioner 
expertise, market demand, and policy frameworks (Pretty et al., 2018; Bwambale 
et al., 2022; Springmann and Freund, 2022; Shehawy and Ali Khan, 2024; Sasaki, 
2025). Advanced ecological techniques in agricultural technology are important, like 
precision irrigation and biological pest management (Bwambale et al., 2022; Rad, 2025). 
Practitioner expertise is also critical, as farmers’ awareness and knowledge affect the 
adoption of circular practices, while training, age, and regional contexts further shape 
behaviors (Pretty et al., 2018; Velasco-Muñoz et al., 2021; Wen et al., 2024).
Market demand is a key driver, with factors such as consumer health consciousness 
and government procurement accelerating the transition (Shehawy and Ali Khan, 
2024; Liu et al., 2024b). Macro-level policies include land use planning, subsidies, 
and taxation. Land policies allocate resources, subsidies ease producers’ financial 
constraints (Springmann and Freund, 2022), and taxation discourages pollution. 
Existing studies have explored determinants from government, technology, personnel, 
and market perspectives; at the policy level, they cover land use, subsidies, and 
taxation. However, the impact of carbon trading policy, which serves as a mandatory 
and guiding regulatory instrument, on ecological circular agriculture has yet to be 
evaluated. Additionally, its influence on the internal mechanisms of ecological circular 
agriculture remains unclear.
To narrow the gap, this study evaluates the efficacy of carbon trading policy in 
promoting ecological circular agriculture and investigates its underlying mechanisms, 
aiming to provide theoretical insights and practical guidance for sustainable 
agricultural transitions. Specifically, it makes three contributions. First, it constructs 
a four-dimensional index system covering resource recycling, low-carbon production 
technologies, ecological benefits, and economic sustainability, providing a quantitative 
framework for assessing ecological circular agriculture development and addressing 
the lack of standardized evaluation tools. Second, by using difference-in-differences 
(DID) and propensity score matching (PSM) methodologies, it provides empirical 
evidence demonstrating the causal relationship between carbon trading policy and the 
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advancement of ecological circular agriculture. Third, it clarifies policy mechanisms 
by identifying ecological technology adoption and agricultural carbon productivity 
enhancement as pathways, examining heterogeneous effects across regions and 
production structures. These insights allow for region-specific policy customization 
and adaptable implementation of carbon trading mechanisms.

MATERIALS AND METHODS

Research hypotheses
Theoretically, the carbon trading policy is grounded in the theory of externalities 
(Marshall, 2013), which argues that environmental pollution stems from the divergence 
between private and social costs. Agricultural production often produces negative 
externalities such as greenhouse gas emissions and resource depletion. Carbon trading 
internalizes these externalities by assigning and trading emission rights (Zeng et al., 
2024), using price signals to encourage emission reduction and resource efficiency. 
This market-based mechanism aligns private interests with social environmental 
goals, fostering the transition toward ecological circular agriculture (Nsabiyeze et 
al., 2024). The comprehensive theoretical framework and the influence mechanism of 
carbon trading policy on ecological circular agriculture are illustrated (Figure 1).
First, by setting emission caps and creating tradable permits, carbon trading provides 
direct economic incentives for emission reduction. Agricultural producers can gain 

Figure 1. Influence mechanism of carbon trading policy on ecological circular agriculture (ECA).
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financial returns by adopting eco-friendly practices or participating in emission 
reduction projects (Guo et al., 2020), thereby promoting waste recycling and resource 
utilization in circular systems (Waldén et al., 2020). Carbon trading helps reduce 
abatement costs and improve agricultural resource efficiency, driving ecological 
circular agriculture development. Consequently, it was proposed that:
H1: Carbon trading policy exerts a statistically significant positive effect on the 
development of ecological circular agriculture.
Second, under carbon constraints, producers face stronger pressure to innovate. 
According to the Porter Hypothesis (Porter and van der Linde, 1995), properly designed 
environmental regulations can induce technological innovation that enhances both 
productivity and sustainability. By monetizing emission reductions, carbon trading 
stimulates investment in ecological technologies such as precision fertilization, 
biochar production, and manure treatment (Chen et al., 2014), thus improving resource 
efficiency and reducing agricultural emissions. Therefore, it was proposed that:
H2: Carbon trading policy stimulates the development of ecological circular agriculture 
by augmenting investments in ecological technologies.
Third, improving agricultural carbon productivity is essential for advancing low-
carbon and efficient agricultural transformation, a key indicator of ecological circular 
agriculture (Rehman et al., 2022). The adoption of ecological technologies such as 
precision fertilization and resource recycling reduces carbon emissions per unit 
of output and enhances resource efficiency. Meanwhile, carbon trading promotes 
industrial synergy by linking green consumption with low-carbon production, 
encouraging producers to adopt cleaner technologies for higher returns. Overall, 
higher agricultural carbon productivity embodies both economic efficiency and 
environmental sustainability, driving agriculture’s transition toward an ecologically 
circular model (Huang et al., 2024). Thus, it was proposed that:
H3: Carbon trading policy stimulates the development of ecological circular agriculture 
by enhancing agricultural carbon productivity.

Research design
This study considered the implementation of China’s carbon emissions trading policy 
as a quasi-natural experiment to examine the impact of carbon trading policy on the 
development level of ecological circular agriculture. Using a difference-in-differences 
(DID) approach, it constructs the following econometric model:

ECAit = α0 + α1 didit + α2 Xit + μi + λt + εit	 (1)

didit = Treatit * Postit

where i and t denote region and year, respectively. The explained variable ECAit 
represents the development level of ecological circular agriculture, quantified 
through a composite index constructed in this study. The variable Treatit is a dummy 
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variable indicating carbon trading pilot regions, and Postit is a time dummy variable. 
The interaction term didit serves as the core explanatory variable; specifically, didit = 1 
indicates that province (municipalities) i adopted the carbon trading policy in year t. 
The coefficient α1 of didit captures the net effect of carbon trading policy on ecological 
circular agriculture development. Control variables Xit include factors influencing 
ecological circular agriculture. The model incorporates province fixed effects μi and 
year fixed effects λt. The error term εit accounts for unobserved stochastic factors.

Robustness evaluation
To verify the reliability of the baseline regression results, this study performed a series 
of robustness tests.

Placebo test. To rule out the influence of unobservable random factors, a placebo test 
was conducted using 500 randomized simulations. Specifically, eight provinces were 
randomly selected as a fictional treatment group for the policy year 2013, with the 
remaining 22 provinces serving as the control group. This procedure was repeated 500 
times to generate a distribution of estimated coefficients.

Propensity score matching (PSM-DID). A logit model was used to estimate propensity 
scores based on relevant covariates to address potential selection bias. This ensured 
that the treatment and control groups had similar pre-policy characteristics, allowing 
for a more accurate causal inference. 

Alternative group specifications. Two additional checks were conducted: excluding 
Sichuan and Fujian provinces (which launched markets in 2016) to mitigate temporal 
heterogeneity and removing regions with high initial development levels (Beijing, 
Tianjin, Shanghai, and Guangdong) to eliminate potential sample bias.

Heterogeneity analysis
Given the disparities in economic conditions and resource endowments, this study 
examined the differential impacts of carbon trading policy through three lenses.

Regional heterogeneity. The 30 provinces were categorized into Eastern, Central, and 
Western regions. An inter-group difference test was performed to identify locational 
variations in policy efficacy.  

Carbon price tiers. Pilot regions were divided into high-price and low-price groups 
based on the median value of average transaction prices (2013–2021) sourced from the 
CSMAR (2022).

Agricultural labor productivity. The sample was split into high-productivity and 
low-productivity groups based on the median ratio of agricultural value added to 
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employment. This assessed whether existing production efficiency influenced the 
ability of farming entities to adapt to carbon trading incentives.

Variable measurement and description

Explained variable
Ecological circular agriculture (ECA) was measured through a composite index 
structured across four dimensions based on agroecological principles (Altieri et al., 
2018) and the “3R” framework of the circular economy (Liu et al., 2017). This study 
used the entropy weight method to objectively assign weights to each indicator to 
quantify provincial ECA development levels. Detailed formulae and data sources are 
provided (Table 1).

Table 1. Measurement system for ecological circular agriculture (ECA) development level.

Dimension Specific indicator Attribute

Ecological benefits
Carbon emission intensity per unit area N

Fertilizer application intensity N
Pesticide application intensity N

Resource utilization efficiency
Multiple cropping index P

Agricultural water use efficiency P
Fertilizer use efficiency P

Technological application level Proportion of water-saving irrigated area P
Agricultural patent intensity P

Economic sustainability Green food certification count P
Green total factor productivity P

P: positive indicator, where higher values indicate a higher level of ecological circular agriculture 
development; N: negative indicator, where lower values represent a higher level of development.

Core explanatory variable 
The explanatory variable did represents the interaction term between Post and Treat. 
According to official guidelines, the initial carbon trading pilot regions established 
in 2013 included Beijing, Shanghai, Guangdong, Tianjin, Shenzhen, Hubei, and 
Chongqing. In 2016, Sichuan and Fujian were added to this list. This study categorized 
the provinces into treatment and control groups based on whether they participated 
in the pilot program.
To avoid administrative overlap, Shenzhen was excluded from the treatment group, as 
it is a sub-provincial city within Guangdong Province. As a result, the treatment group 
consists of eight provinces (municipalities): Beijing, Shanghai, Tianjin, Guangdong, 
Hubei, Chongqing, Sichuan, and Fujian. The control group includes 22 non-pilot 
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provinces and autonomous regions, with Tibet, Hong Kong, Macao, and Taiwan 
excluded due to data constraints. Since China’s carbon trading market was gradually 
implemented after 2013, the policy shock year is designated as 2013. Consequently, did 
equals 1 for treatment provinces in 2013 and subsequent years and 0 otherwise, while 
control provinces retain a did value of 0 throughout the study period.

Mediating variables
The mediating variables in this study were ecological technology investment (ETI) 
and agricultural carbon productivity (ACP). This study adopts the density of green 
agricultural innovation patents granted to measure ecological technology investment 
and the ratio of agricultural added value to agricultural carbon emissions to measure 
agricultural carbon productivity.

Control variables
To control for the influence of other factors on the research results, the following 
variables were introduced: Per capita disposable income (LI), measured by the ratio of 
agricultural gross output value to employment in the primary sector, with logarithmic 
transformation applied; (2) cultivated land area (TI), in 10 thousand hectares; (3) rural 
education level (RE), proxied by the average years of schooling among rural residents; 
(4) industrial structure upgrading (IU), measured by the ratio of tertiary sector added 
value to secondary sector added value, reflecting industrial structure sophistication 
(Wang et al., 2019); (5) forest resource abundance (FR), represented by forest coverage 
rate; and (6) technological progress (TP), defined by the number of agricultural green 
technology patents granted (in thousands).

Data sources and descriptive statistics
This study utilized panel data from 30 provinces in China (excluding Tibet, Hong 
Kong, Macao, and Taiwan), covering the years 2006 to 2021. The data is primarily 
obtained from several sources, including the China Statistical Yearbook, China Rural 
Statistical Yearbook, China Agricultural Statistical Yearbook, China Energy Statistical 
Yearbook, China Population and Employment Statistical Yearbook, and statistical 
yearbooks from provincial or municipal offices. Missing values for specific years 
were filled in using linear interpolation to ensure data completeness. Additionally, all 
continuous variables were subjected to 1 % winsorization to minimize the impact of 
outliers. Descriptive statistics for the variables are summarized (Table 2).
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RESULTS AND DISCUSSION

Empirical results 

Benchmark regression results
This study used the DID model to evaluate the impact of carbon trading policy 
on ecological circular agriculture development. The coefficients for the carbon 
trading policy remained positive and statistically significant across all regression 
specifications after incrementally incorporating control variables (Table 3). These 
results are consistent with findings from Wang et al. (2023), who argue that carbon 
trading mechanisms facilitate low-carbon transitions in agricultural practices. This 
positive effect is attributed to the policy’s dual role in balancing cost constraints 
with incentives, guiding production models toward sustainability, and fostering 
technological innovation. Specifically, the results indicate that carbon trading policy 
significantly enhances ecological circular agriculture development levels in pilot 
provinces (municipalities) by 3.5 %, providing strong validation of H1.

Table 2. Descriptive statistics of the study variables.

Variable Observations Mean Standard 
deviation

Minimum 
values

Maximum 
values

ECA 480 0.164 0.081 0.07 0.71
did 480 0.138 0.345 0 1
ETI 480 0.673 2.478 0 28.54
ACP 480 5.06 2.557 1.709 23.502

LI 480 11.423 0.588 10.097 12.713
TI 480 433.737 318.999 16.06 1586.41
RE 480 7.622 0.646 5.48 9.73
IU 480 1.232 0.674 0.561 4.768
FR 480 0.33 0.185 0.032 0.66
TP 480 0.152 0.245 0 1.627

ECA: ecological circular agriculture index; did: difference-in-differences interaction term for Post 
(time) × Treat (carbon trading); ETI: ecological technology investment (proxied by the density 
of granted green agricultural innovation patents); ACP: agricultural carbon productivity 
(agricultural added value to agricultural carbon emissions ratio); LI: per capita disposable 
income (log-transformed); TI: cultivated land area (10 thousand hectares); RE: rural education 
level (average years of schooling); IU: industrial structure upgrading index; FR: forest resource 
abundance (forest coverage rate); TP: technological progress (measured by the number 
(thousands) of granted agricultural green technology patents).
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Table 3. Difference-in-differences (DID) estimates of the impact of carbon trading policy on ecological 
circular agriculture (ECA).

ECA
(1) (2) (3) (4) (5) (6) (7)

did 0.046** 0.042** 0.039** 0.035** 0.036** 0.035** 0.035**
(0.020) (0.018) (0.018) (0.016) (0.015) (0.015) (0.015)

LI -0.178 -0.179 -0.112 -0.117 -0.135 -0.115
(0.116) (0.112) (0.106) (0.105) (0.102) (0.093)

TI -0.001* -0.001** -0.001** -0.001* -0.001
(0.001) (0.001) (0.001) (0.001) (0.001)

IU 0.040 0.035 0.036 0.040*
(0.025) (0.024) (0.024) (0.021)

RE 0.029* 0.028* 0.031**
(0.015) (0.015) (0.014)

FR 0.118 0.145*
(0.079) (0.075)

TP 0.047**
(0.019)

Constant 0.158*** 2.192 2.243* 1.429 1.265 1.433 1.146
(0.003) (1.323) (1.276) (1.218) (1.161) (1.127) (1.009)

Year FE Yes Yes Yes Yes Yes Yes Yes
Province FE Yes Yes Yes Yes Yes Yes Yes

R2 0.884 0.890 0.893 0.898 0.901 0.903 0.909
N 480 480 480 480 480 480 480

(1)–(7) represent regression specifications where control variables are added incrementally to test 
the robustness of the core coefficient. ECA: ecological circular agriculture index; did: difference-
in-differences interaction term for Post (time) × Treat (carbon trading); LI: per capita disposable 
income (log-transformed); TI: cultivated land area (10 thousand hectares); RE: rural education level 
(average years of schooling); IU: industrial structure upgrading index; FR: forest resource abundance 
(forest coverage rate); TP: technological progress (measured by the number (thousands) of granted 
agricultural green technology patents). Year FE and Province FE denote year and province fixed 
effects, respectively. Values in parentheses are standard errors. *** ** *: 1, 5, 10 % significance.

Pre-treatment parallel trends test
To validate the assumption of parallel trends, this study used the event study 
approach (Callaway and Sant’Anna, 2020) to plot dynamic treatment effects (Figure 
2). Before policy implementation in 2013, the trends in ecological circular agriculture 
development between pilot and non-pilot regions exhibited no significant divergence. 
However, after 2013, pilot provinces began to experience a notable upward shift, 
with the effect becoming more pronounced over time. These results confirm that 
the assumption of parallel trends is valid, which enhances the credibility of the DID 
estimates.
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Placebo test
This study conducted a placebo test to determine whether changes in the development 
level of ecological circular agriculture are primarily due to the effects of the carbon 
trading policy rather than other unobservable factors (Figure 3). Specifically, 2013 was 
designated as the policy implementation year, and 8 out of 30 provinces were randomly 
selected to form a ‘fictional’ treatment group, with the remaining 22 provinces serving 
as the control group; this randomized procedure was then repeated for 500 iterations. 
The regression coefficients obtained through random sampling followed a normal 
distribution, with most coefficient values clustered around zero. Moreover, there was 
a significant deviation from the actual benchmark regression coefficient of 0.035. These 
findings suggest that based on fictional data, the hypothetical carbon trading policy 
does not contribute to the development of ecological circular agriculture, effectively 
ruling out the influence of random factors.

Figure 2. Event study estimates for parallel trends and dynamic treatment effects of carbon 
trading policy on ecological circular agriculture (ECA). The x-axis represents the time relative 
to the policy implementation year, which is designated as 2013; “pre” indicates the number 
of years prior to the policy shock (e.g., pre7 corresponds to 2006); “current” refers to the year 
of implementation (2013); “post” indicates the number of years following the implementation 
(e.g., post8 corresponds to 2021).
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Robustness evaluation

Propensity score matching-difference-in-differences (PSM-DID) test
To address potential selection bias, the logit model (Ventz et al., 2022) was used to 
estimate propensity scores for participation in carbon trading policies at the provincial 
level using covariates. As shown in Column (1) (Table 4), the core coefficient remained 
positive and significant, confirming the robustness of baseline findings.

Alternative treatment and control groups
Two robustness checks were conducted. First, excluding Sichuan and Fujian provinces 
(launched carbon markets in 2016) to mitigate heterogeneity (Column (2)); second, 
removing Beijing, Tianjin, Shanghai, and Guangdong (higher-than-average ecological 
circular agriculture levels) to eliminate potential bias (Column (3)) (Table 4). In both 
cases, the carbon trading policy coefficient retained positive significance, reinforcing 
the robustness of its positive effect on ecological circular agriculture.

Mechanism analysis
Based on the analysis of policy effects, this study further investigates the mechanisms 
through which carbon trading policy influences the development of ecological circular 
agriculture. The study focused on two mediating channels: ecological technology 

Figure 3. Placebo test based on randomized policy assignment for ecological circular agriculture 
(ECA).
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investment (ETI) and agricultural carbon productivity (ACP). To empirically test these 
mechanisms, the following econometric models were constructed:

Mediait = β0 + β1 didit + β2 Xit + μi + λt + εit

ECAit = γ0 + γ1 didit + γ2 Mediait + γ3 Xit + μi + λt + εit

where Mediait represents the mediating variables and γ2 quantifies the indirect effect 
of the carbon trading policy through these mechanisms. Other variables are consistent 
with Equation (1).

The results of the mechanism analysis (Table 5) show that columns (1) and (3) use 
ecological technology investment and agricultural carbon productivity as dependent 
variables, respectively, to examine the impact of the carbon trading policy on these 
mediators. The estimates reveal statistically significant positive coefficients for 
did, indicating that it substantially enhances ecological technology investment and 
agricultural carbon productivity.
These findings align with prior studies by Feng et al. (2024) and Yang et al. (2024), 
which suggest that carbon trading policy encourages agricultural producers to 
invest in ecological technology research and development and adoption through 
economic incentives. This study further focuses on the specific field of ecological 

Table 4. Propensity score matching-difference-in-differences (PSM-DID) and 
alternative specifications for the impact of carbon trading policy on ecological 
circular agriculture (ECA).

ECA
PSM-DID Other robustness checks

(1) (2) (3)
did 0.021*** 0.045** 0.017*

(0.005) (0.020) (0.009)
Controls Yes Yes Yes
Year FE Yes Yes Yes

Province FE Yes Yes Yes
R2 0.927 0.908 0.934
N 268 448 416

Controls refers to the same set of control variables used in Table 3, including LI, TI, 
IU, RE, FR, and TP. Column (1) reports the PSM-DID estimation results; Column 
(2) reports the results after excluding Sichuan and Fujian provinces; and Column 
(3) reports the results after excluding Beijing, Tianjin, Shanghai, and Guangdong. 
Year FE and Province FE denote year and province fixed effects, respectively. 
Values in parentheses are standard errors. *** ** *: 1, 5, 10 % significance.
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circular agriculture, clarifies how carbon trading promotes the development of 
ecological circular agriculture by enhancing investments in ecological technology and 
increasing agricultural carbon productivity, expands the research scope regarding 
the relationship between carbon trading policy and agricultural development, and 
provides more targeted theoretical support for policy-making and practice.
To formally evaluate the mediating effects, the Sobel and Goodman tests were utilized. 
These tests are particularly effective for calculating the Z-statistics of indirect paths 
and quantifying the mediation proportion, providing a clear measure of the extent 
to which the policy’s impact is transmitted through specific channels. The results 
indicate significant mediation: ecological technology investment (ETI) accounts for 
33.91 % of the total effect, while agricultural carbon productivity (ACP) accounts for 

Table 5. Mechanism analysis. Effects of carbon trading policy on ecological circular 
agriculture (ECA) through ecological technology investment (ETI) and agricultural 
carbon productivity (ACP).

(1) (2) (3) (4)
ETI ECA ACP ECA

did 1.123*** 0.022*** 0.390** 0.030***
(0.319) (0.005) (0.192) (0.005)

ETI 0.012***
(0.002)

ACP 0.003***
(0.001)

Controls Yes Yes Yes Yes
Year FE Yes Yes Yes Yes

Province FE Yes Yes Yes Yes
R2 0.737 0.942 0.880 0.930
N 480 480 480 480

Sobel test 0.0114*** (z = 3.592) 0.0064** (z = 2.550)
Goodman test1 0.0114*** (z = 3.579) 0.0064** (z = 2.535)
Goodman test2 0.0114*** (z = 3.604) 0.0064** (z = 2.566)
Indirect effect 0.0114*** (z = 3.592) 0.0064** (z = 2.105)
Direct effect 0.0222*** (z = 3.823) 0.0225*** (z = 3.715)
Total effect 0.0336*** (z = 5.200) 0.0290*** (z = 4.469)

Mediation proportion 0.3391 0.2217

ECA: ecological circular agriculture index; did: difference-in-differences interaction term 
for Post (time) × Treat (carbon trading); ETI: ecological technology investment (proxied by 
the density of granted green agricultural innovation patents); ACP: agricultural carbon 
productivity (agricultural added value to agricultural carbon emissions ratio). Controls 
includes the full set of variables (LI, TI, IU, RE, FR, and TP) consistent with Table 3. 
Values in parentheses are standard errors. The Sobel and Goodman tests assessed the 
significance of the mediating effects. *** ** *: 1, 5, 10 % significance.
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22.17 %. These findings validate H2 and H3, confirming that the carbon trading policy 
fosters ecological circular agriculture development through these dual mechanisms. 
To further ensure the robustness of these mediation pathways, the Bootstrap method 
was used to estimate confidence intervals. As a non-parametric approach, Bootstrap 
does not require the indirect effect to follow a normal distribution, offering a more 
reliable and rigorous statistical confirmation. The results reveal that the 95 % bias-
corrected confidence intervals for both ETI and ACP exclude zero, reinforcing the 
significance of the identified mediation effects.

Heterogeneity analysis
In examining the carbon trading policy impact on ecological circular agriculture, a 
single macro-level perspective was found insufficient for policy refinement and 
implementation. Multifaceted factors, including economic conditions, resource 
endowments, and policy landscapes, influence the development of ecological circular 
agriculture. Meanwhile, variables like geographic positioning, carbon pricing 
mechanisms, and agricultural labor productivity show significant heterogeneity. 
Studying these variations helped understand how carbon trading policy works in 
different contexts and overcome the limitations of uniform policies. This analysis 
provides a scientific basis for governments to develop differentiated strategies, optimize 
resource allocation, and promote more efficient, equitable, and resilient development 
of ecological circular agriculture. Therefore, this study conducted three heterogeneity 
analyses on regional disparities, carbon price, and agricultural productivity.

Regional heterogeneity
Variations in economic conditions, resource availability, and regional policy priorities 
lead to divergent policy outcomes. Factors such as funding, technology, forest 
vegetation resources, and supporting infrastructure significantly influence the efficacy 
of carbon trading policy (Li et al., 2024; Liu et al., 2023, 2024a). To address this gap, 
regional heterogeneity was analyzed by categorizing 30 provinces into eastern, central, 
and western regions (Table 6), and the inter-group difference test was conducted 
successfully.
The impact of the carbon trading policy on ecological circular agriculture varies across 
regions due to locational differences. In eastern China, the policy has positively affected 
ecological circular agriculture thanks to strong economic and technological resources 
(Dai et al., 2025). However, as practices mature, market saturation and diminishing 
returns on technology investments have slowed growth (Gan et al., 2024). In the 
western region, the carbon trading policy shows strong potential. From 2021 to 2023, 
it reduced enterprise taxes by over CNY 400 billion through favorable tax policies. By 
the end of 2023, the balance of green loans in this area increased by 30.1 % (PBC, 2024) 
compared to the previous year. These measures encourage businesses and farmers to 
adopt better ecological farming practices and improve their operations. Additionally, 
the region’s ample land, abundant renewable energy, and other resources offer great 
opportunities for large-scale ecological farming and breeding.
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Overall, the combined advantages make the policy impact slightly stronger in the 
West than in the East. However, structural and institutional barriers constrain the 
effectiveness of carbon trading policies in the central region. As a traditional agricultural 
heartland, its long-standing focus on yield stability has led to a path dependence 
on conventional practices, hindering the adoption of eco-friendly technologies and 
reducing farmers’ participation (Wang et al., 2022). Meanwhile, the expansion of 
energy-intensive agri-industries such as food processing and feed production, coupled 
with limited profits, weakens incentives for technological upgrading (Du et al., 2023). 
Moreover, local governments’ emphasis on industrial and grain output, along with 
weak coordination between low-carbon and agricultural policies, further limits policy 
effectiveness.

Table 6. Heterogeneity analysis of carbon trading policy effects on ecological circular agriculture (ECA) across 
regions, carbon price levels, and agricultural productivity groups.

ECA
(1) (2) (3) (4) (5) (6) (7)

Eastern Central Western High-price 
group

Low-price 
group

High-
productivity 

group

Low-
productivity 

group
did 0.028*** 0.006 0.033*** 0.031*** 0.019***

(0.011) (0.009) (0.005) (0.010) (0.004)
DIDhigh 0.033***

(0.011)
DIDlow 0.021***

(0.007)
Controls Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes
Province FE Yes Yes Yes Yes Yes Yes Yes
R2 0.908 0.964 0.962 0.904 0.902 0.909 0.958
N 176 128 176 480 480 240 240
p statistic 0.038** 0.074* 0.002*** 0.010** 0.044**

(1)–(7) represent sub-group regressions based on different regional and structural characteristics; (1)–(3) 
represent the Eastern, Central, and Western regions, respectively; (4)–(5) denote the high-price and low-price 
tiers of carbon trading pilot regions; (6)–(7) represent the high-productivity and low-productivity groups based 
on agricultural labor productivity. did: difference-in-differences interaction term for Post (time) × Treat (carbon 
trading); DIDhigh: the interaction term (Post × Treat) for the subgroup of pilot regions with average carbon 
trading prices above the sample median (including Beijing, Shanghai, Guangdong, Chongqing, and Fujian); 
DIDlow: the interaction term for pilot regions with average carbon trading prices below the median (including 
Tianjin, Hubei, and Sichuan). Controls includes the full set of variables (LI, TI, IU, RE, FR, and TP) consistent 
with Table 3. Values in parentheses are standard errors. The Sobel and Goodman tests assess the significance 
of the mediating effects. *** ** *: 1, 5, 10 % significance.
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Heterogeneity in carbon allowance trading prices
Since pilot regions hold substantial autonomy in operating their carbon trading 
markets, the enforcement intensity of policies varies significantly across different pilot 
areas. Eight pilot regions were classified into distinct tiers based on their 2006–2021 
average transaction prices, sourced from the China Stock Market and Accounting 
Research database (CSMAR, 2022). This study conducts separate regression analyses 
for high-price and low-price groups to examine the differential impacts of carbon 
trading prices on ecological circular agriculture. The high-price group includes Beijing, 
Shanghai, Guangdong, Chongqing, and Fujian, while the low-price group includes 
Tianjin, Hubei, and Sichuan.
The carbon trading policy exhibits significant positive effects on ecological circular 
agriculture across all carbon price levels (Table 6), though the magnitude of impact 
varies substantially with price tiers. Regions with higher carbon prices demonstrate 
a more substantial policy effect than low-price regions. This disparity arises because 
entities in high-price regions face elevated decarbonization costs, incentivizing them 
to actively adopt low-carbon technologies and ecological circular agriculture practices 
to reduce compliance expenses and capitalize on carbon credit revenues. Such price-
driven incentives accelerate technological upgrading and systemic shifts toward 
circular agroecosystems, enhancing agricultural sustainability. In contrast, low-price 
regions experience weaker motivation for transformation: agricultural producers may 
perceive the costs of maintaining traditional practices as lower than transitioning 
to ecological circular agriculture, resulting in limited investments in sustainable 
technologies.

Heterogeneity in agricultural labor productivity
Agricultural labor productivity is a crucial metric for assessing production efficiency 
and shows significant disparities across different regions and farming entities. In this 
study, agricultural labor productivity is measured as the ratio of agricultural value 
added to agricultural employment. The sample was classified into high-productivity 
and low-productivity groups based on the median value.
The results of the heterogeneity test for different productivity levels (Table 6) reveal 
that the high-productivity group experienced a significantly greater improvement in 
ecological circular agriculture after the policy was implemented compared to the low-
productivity group. This difference can be attributed to the fact that high-productivity 
regions typically have access to advanced production technologies, better management 
practices, and a more skilled labor force. These advantages allow them to quickly take 
advantage of new opportunities under the carbon trading policy. On the other hand, 
low-productivity regions face challenges due to outdated technologies, inefficient 
resource management, and limited technical training, which hinder their ability to 
fully benefit from policy incentives. The weaker response to the policy in these areas 
highlights the need for targeted interventions, such as precision agronomy extension 
services and AI-driven decision-support tools, to help bridge productivity gaps and 
enhance sustainability outcomes.
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CONCLUSIONS
This study demonstrates that carbon trading policy significantly promotes ecological 
circular agriculture in China, increasing the development level of pilot regions by 
3.5 %. This effect is mainly transmitted through ecological technology investment 
(33.91 % of the total effect) and agricultural carbon productivity (22.17 %). Policy 
impacts are stronger in the Eastern region, where institutional support and market 
maturity are higher, as well as in areas with higher carbon prices and agricultural 
labor productivity. These findings indicate that market-based carbon trading can align 
ecological sustainability with agricultural modernization through innovation and 
efficiency improvements.
Several policy implications emerge from these findings. First, carbon trading coverage 
and standardized agricultural carbon accounting should be expanded to encourage 
broader farmer participation through simplified registration and government-led 
certification programs. Second, given that technology investment and productivity 
are the main transmission channels, dedicated funding and fiscal incentives should 
support low-carbon technologies such as biochar and precision irrigation, particularly 
for smallholders.
Regional disparities should also be addressed through tailored interventions, including 
agricultural digitalization in central regions and the expansion of demonstration 
zones in developed areas. In addition, establishing a unified national carbon trading 
platform would improve market liquidity, reduce regional price disparities, and 
strengthen long-term incentives for ecological circular agriculture. These findings 
provide empirical support for both China’s carbon trading policy and broader policy 
adaptation.
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ABSTRACT
The agricultural sector is vulnerable to flooding, as it causes damage to soil, crops, and hydro-
agricultural infrastructure, thereby limiting production. Quantifying and delineating flood-
prone areas is important, as food security is at stake. This study was conducted in Irrigation 
District (ID) 008 Metztitlán, Mexico, which experiences recurrent flooding that affects the 
production system and hydro-agricultural infrastructure. The objective of this study was to 
develop and apply a methodology to assess flood risk in agricultural areas focused on maize 
cultivation. A basic hydrological and hydraulic model was developed for the proposed 
methodological framework for agricultural risk analysis, considering three flood factors that 
affect crops: A) duration, B) depth, C) velocity, and the phenological stage of growth. Based 
on these factors, parameters were proposed for assessing hazard, vulnerability, and exposure 
value to calculate risk in monetary terms using map algebra. The scenario analyzed was for a 
20-year return period, determining that 94.7 % of the total area of the ID presents some degree of 
risk. The proposed methodology allowed for the generation of risk maps. Delineating risk zones 
can aid decision-making to mitigate flood damage in the agricultural sector.

Keywords: hydrological modeling, hydraulic modeling, return periods, hazard, vulnerability.

INTRODUCTION
Floods are natural disasters of hydrometeorological origin that represent 50 % of 
all natural disasters and significantly affect society (Mendoza-Cariño et al., 2018). In 
Mexico, they cause substantial economic losses (Hernández-Uribe et al., 2017). The 
agricultural sector is vulnerable to flooding, causing damage to the regional and 
national economy through the disruption of the production cycle, reduced income, 
unemployment, and food shortages (Vega-Serratos et al., 2018). In 2023, national 
agricultural production amounted to MXN 921 877 021.79 thousand, corresponding to 
a planted area of 20 023 594.61 ha and a harvested area of 18 383 456.31 ha, implying a 
loss due to natural disasters (floods, frosts, and winds) of 1 640 138.3 ha (SIAP, 2024).
Flood risk assessment has become an increasingly common practice because it enables 
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disaster mitigation. Quantifying flood risk is a complex task due to the variables 
involved (depth, duration, and velocity) and its dynamic nature (every flood behaves 
differently) (Hernández-Uribe et al., 2017). Studies conducted in Europe indicate that 
the most advanced methodologies for assessing flood risks are linked to the economic 
evaluation of tangible direct damages (Vega-Serratos et al., 2018). 
Flooding is an environmental stressor that negatively affects the growth of crops 
(Aslam and Aslam, 2023). The links between flooding and food security are 
extremely significant (Pacetti et al., 2017). The economic damage caused by flooding 
in the agricultural sector is less severe compared to urban areas; therefore, damage 
assessment is often neglected or addressed only through simple approaches and 
rough estimates (Merz et al., 2010). The impact of floods on final crop yields is not 
well understood due to the scarcity of datasets and the lack of quantitative models 
(Shirzaei et al., 2021). Among studies focusing on direct damage to agriculture, hazard 
parameters are considered the most influential in calculating direct damage. However, 
the parameters used are restricted to those that can be obtained from hydraulic models 
(Brémond et al., 2013). 
Based on flood damage assessments in agricultural areas conducted in Europe, Förster 
et al. (2008) identified the main influencing variables as the time of year when the flood 
occurs, water depth, flood duration, flow velocity, and the deposition of pollutants. 
Brémond et al. (2013) indicate that the flood parameters that can be used to construct 
damage functions for agriculture are the seasonality of the flood, water depth, 
duration, flow velocity, sediment deposition, environmental pollution, and water 
salinity. Citeau (2003) assessed the effects of flooding on soils and crops in relation to 
water depth. Tariq et al. (2021) calculated risk in agricultural areas as the interaction 
of hazard with vulnerability, exposure, susceptibility, intensity, and probability, 
using damage curves for maize and rice. Yildirim and Demir (2022) conducted a 
comprehensive assessment of agricultural flood risk using flood maps, analyzing the 
seasonal variation in flood risk focused on maize, soybean, and alfalfa.
In Mexico, Baró-Suárez et al. (2007) developed a methodological framework for 
assessing flood damage to maize crops using a function based on the parameters 
of flood duration, depth, and seasonality. Vega-Serratos et al. (2018) developed a 
methodological framework for constructing damage curves using the parameters of 
flood duration, depth, and seasonality.
There is a need to identify and assess agricultural areas at risk of flooding using new 
methodological approaches; therefore, the objective of this study was to develop and 
apply a methodology for assessing flood risk in agricultural areas, with a focus on 
maize cultivation. The methodology involved proposing values for depth, duration, 
and velocity that could cause irreversible damage to the maize plant depending 
on its current phenological stage during growth. The values proposed facilitated 
the development of criteria for assessing hazard, vulnerability, and exposure. This 
approach aimed to calculate risk in monetary terms through the application of map 
algebra. The case study focused on Irrigation District (ID) 008 Metztitlán, which faces 
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recurrent flooding due to the overflow of the lagoon and the Metztitlán River, resulting 
in significant impacts on the production system.

MATERIALS AND METHODS

Information used
This study utilized relevant data, such as the topographic survey of the Metztitlán River 
from the Venados Bridge (0+000) to km 23+630, conducted using a total station with 
cross-sections every 20 m. In addition, the Digital Elevation Model (MDE) obtained 
from the Mexican Elevation Continuum (CEM) 3.0 was used, with a resolution of 15 × 
15 m. For edaphology and land use data, the vector dataset from Series VI, scale 1:250 
000, 2016 edition, was used (INEGI, 2016).
The precipitation data corresponds to daily precipitation from 19 conventional weather 
stations with an average of 30 years of records: 13015-San Agustín Metzquititlán, 
13029-San Lorenzo Sayula, 13031-Santiago Tulantepec, 13033-Singuilucan, 
13041-Tulancingo (Obs), 13042-Zacualtipán, 13061-Alcholoya, 13077-Metztitlán, 
13082-Presa La Esperanza, 13087-San Cristóbal, 13093-Venados, 13095-Agua Blanca, 
13096-Atotonilco, 13098-Huasca, 13099-Metepec, 13116-El Zembo, 13121-Santa 
María Amajac, 13130-Santa María Asunción, and 30359-Palo Bendito (SMN, 2024). 
Additionally, information on instantaneous discharge corresponding to hydrometric 
station 26042-Venados was obtained from the National Surface Water Data Bank of the 
National Water Commission (BANDAS, 2024).
The overall methodology consisted of four phases: I: data collection (MDE, vector data 
on soil science, land use and vegetation, daily precipitation, measured discharge, and 
derivation of design storms); II: hydrological modeling using HEC-HMS software 
version 4.2 (basin model, meteorological model, time series, control specifications, 
calibration, and derivation of hydrographs by sub-basin); III: hydraulic modeling 
using Iber software version 3.3 (geometry, roughness, boundary conditions, problem 
data, maximum cumulative enclosure, calibration, and determination of flood 
depth, velocity, and duration, which are the hazard criteria); and IV: agricultural 
analysis (phenology and crop characteristics, flood seasonality, flood duration, and 
characterization of flood-prone areas, which are part of the vulnerability criteria).

Study area
The ID 008 Metztitlán is located within the Metztitlán River basin, in the state of Hidalgo, 
Mexico. The basin covers an area of 2937.03 km2. The length of the main channel is 
109.54 km. The average annual precipitation is 450–700 mm, the concentration time is 
1671.58 min, and the lag time is 1002.95 min (16.7 h). The ID is located at the extreme 
coordinates 20° 28’ 02.56“ N, 98° 40’ 15.24” W and 20° 40’ 41.69“ N, 98° 51’ 37.92” W, 
covering an area of 3553.7 ha.



Agrociencia 2026. DOI: https://doi.org/10.47163/agrociencia.v60i4.3283
Scientific Article 541

Base information processing
A key part of the research involves the collection, review, and analysis of historical 
data on daily precipitation recorded at weather stations and daily instantaneous 
discharge data from the hydrometric station. Based on the MDE and using a geographic 
information system, 38 sub-basins and the river network were delineated. The 
characteristics of each sub-basin were determined: area, channel length, concentration 
time, delay time, and weighted curve number. For the precipitation analysis, the 
annual maximum precipitation (mm d-1) was determined. A frequency analysis of 
these maximum precipitation events was conducted to obtain values associated with 
different return periods (RP) using probability distribution functions such as normal, 
lognormal, log-Pearson III, gamma, Gumbel, and double Gumbel. 
Once this process was completed, the function that best fit the maximum annual 
precipitation was selected using the mean square error criterion. The frequency 
analysis was conducted at 19 conventional weather stations. For the instantaneous 
discharge rates at the Venados hydrometric station, which measures runoff from the 
upper part of the basin comprising 22 sub-basins, the daily maximum values were 
determined, and the corresponding frequency analysis was performed.

Hydrological modeling
The hydrological model was developed using HEC-HMS software version 4.2. For 
the basin component, data on area, length of the main channel, weighted number of 
curves, and lag time were used for each sub-basin. For the meteorological component, 
the precipitation weighting method was employed, using precipitation data based on 
the catchment area of each station within the basin. For the time series component, the 
rainfall distribution was modeled using centered unitary hyetographs.
The simulation was performed for return periods (RP) of 2, 5, 10, 20, 50, 100, 500, 
and 1000 years. Subsequently, the model was calibrated by comparing the simulated 
peak discharges for different return periods with those obtained from the frequency 
analysis of the maximum daily instantaneous discharges at the hydrometric station. 
The model was considered calibrated when a difference of ±15 % in discharge and an 
R2 of 0.98 were obtained. The adjusted parameter was the curve number within a 10 
% range.

Hydraulic modeling
The hydraulic model was developed using Iber software version 3.3. To construct the 
model, hydrometric station 26042-Venados was designated as the starting point of 
the river channel and the inlet to ID 008. The channel is 38.75 km long and has 11 
tributaries along its course before emptying into Lake Metztitlán. The basin is exorheic, 
as it discharges into the Almolón River through two tunnels with maximum discharge 
rates of 53 and 11 m3 s-1, which are considered in the model as outlet conditions. The 
inflow hydrographs (19 tributaries) were obtained from the hydrological model.
The model setup included: 1) geometric definition using an unstructured mesh with 



Agrociencia 2026. DOI: https://doi.org/10.47163/agrociencia.v60i4.3283
Scientific Article 542

cell sizes of 10 m for the main channel and tributaries, 15 m for the lagoon, and 30 m for 
the remaining surfaces; 2) assignment of roughness based on land use and vegetation 
for each non-uniform rational B-spline (NURBS) surface; 3) mesh generation and 
elevation assignment based on the topographic survey of the channel, integrated with 
the MDE; 4) definition of initial and boundary conditions by inputting hydrographs; 
and 5) flow simulation over 172 800 s, with 1000-s intervals.
The model was calibrated by comparing the simulated floodplain with a satellite image 
corresponding to the October 5, 1999 event, which occurred from the community of 
Venados to Lake Metztitlán and affected 3363 ha (94.6 % of the area of ID 008). The 
comparison with the flood extent generated by the hydrographs for that date yielded 
a percentage error of 17.5 %.

Agricultural analysis
Maize cultivation is of national importance because it is the primary grain used in 
the Mexican diet, as reflected in the average annual per capita consumption, which 
stood at 196.4 kg in 2017 (SAGARPA, 2017). Maize is planted in two growing seasons: 
spring-summer (March 1 to September 30) and fall-winter (October 1 to February 28). 
Depending on the season in which flooding occurs, the effects may have a greater or 
lesser impact.
The plant is robust in stature, with a single, erect stem that can reach up to 4 m in 
height, without branches or internodes, and has a spongy pith; it bears separate male 
and female inflorescences on the same plant (SAGARPA, 2017). Phenological stages 
mark its growth according to the number of days after sowing, reaching heights of 0.5, 
1, 1.5, 2, and 2.5 m at 20, 30, 40, 60, and 80 d, respectively.
Water stress caused by flooding is a limiting factor in maize production (Jiménez et 
al., 2012). Citeau (2003) indicates that the maximum submersion time the plant can 
withstand is one day, with a water velocity of 0.5 m s-1; Baró-Suárez et al. (2007) note 
that if the plant exceeds 30 cm in height, it can withstand more than 6 d under wet 
conditions, whereas below that height it is more susceptible, and if flooding persists 
for more than 3 d, negative effects are inevitable.

Agricultural risk
To calculate risk, an equation was developed based on the National Center for Disaster 
Prevention (CENAPRED) definition of risk, in which risk is the combination of three 
factors: hazard, vulnerability, and value of exposed assets. For agricultural areas, the 
main factors affecting crops were considered: depth, duration, and velocity in relation 
to the phenological stages of maize, such that each factor contributes a component to 
risk, hazard (Equation 1), vulnerability (Equation 2), exposure value (Equation 3), and 
risk (Equation 4):

Hazard (H) = depth (m) × velocity (m s–1)	 (1)
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Vulnerability (V) = f (depth (m), crop phenology)	 (2)

Exposure value (E) = f (duration (h), crop yield (Mg ha–1))	 (3)

Risk (R) = P × V × C	 (4)

Hazard index
Hazard is defined based on the depth and velocity of the flood (Equation 1). The 
hazard criteria assume an average maize plant height of 2 m and a maximum tolerable 
velocity of 0.5 m s-1, such that the product of water depth and velocity determines 
the hazard classification. The hazard index was constructed on a dimensionless scale 
ranging from 0.05 to 1, where 0.05 corresponds to low hazard, 0.25 to medium hazard, 
and 1 to high hazard (Table 1).

Table 1. Hazard index classification.

Depth (m) Velocity
(m s-1) Depth × Velocity Hazard Typification 

(dimensionless)

0.5 0.10 0.05 High 0.05
1.0 0.25 0.25 Medium 0.25
2.0 0.50 1.00 Low 1.00

Vulnerability index
Vulnerability depends on the depth of flooding and the plant’s phenology (Equation 
2). For depth, the values from the hazard index were used: 0.5 m (P1), 1 m (P2), and 2 
m (P3). The phenological stages considered, due to their greater sensitivity to flooding, 
were V7 (internode elongation, 30–55 d after sowing), VT (flowering, pollination, and 
fertilization, 55–65 d), and R1 (grain filling, 65–90 d). Plant height as a function of days 
of development was considered to define vulnerability functions.
The vulnerability index was categorized on a dimensionless scale ranging from 0.25 
to 1, where 0.25 corresponds to low vulnerability (L), 0.5 to medium vulnerability 
(M), and 1 to high vulnerability (H). Thus, vulnerability depends on the depth of the 
flooding and the plant’s phenological stage (Table 2).

Exposure value
The exposure value depends on the duration of the flooding and crop yield (Equation 
3). Yield losses are associated with the duration of the flooding. The values used were 
adapted from Citeau (2003) and Baró-Suárez et al. (2007) (Table 3).
The exposure value will be equal to the economic losses (Equation 5), where the area 
is given in hectares (ha), the yield in megagrams per hectare (Mg ha-1), and the price 
in MXN Mg-1.

Financial losses = Affected area × Yield × Price	 (5)
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RESULTS AND DISCUSSION
The methodology was applied to a 20-year RP using map algebra. The first step was 
to calculate the hazard. The rasters of the maximum flood extent corresponding to 
velocity and depth were multiplied, and the resulting raster was classified according 
to the hazard index (range from 0.05 to 1). This yielded the hazard map for a 20-year 
RP for ID 008 (Figure 1), where 2692.25 ha were classified as high hazard, representing 
75.7 % of the district’s total area.
The second step was to calculate vulnerability. To do so, the phenological stage 
affected by the flood was determined by analyzing monthly average and instantaneous 
precipitation, which showed peak values in September and October. This indicates 
that the affected cycle corresponds to spring-summer. According to the planting dates, 
the crop is in stages R1–R6. Based on the above, the vulnerability function for stage 
R1 was used, and the depth raster was classified, yielding the vulnerability map for 
a 20-year RP for ID 008 (Figure 2), in which 3027.39 ha exhibit high vulnerability, 
equivalent to 85.2 % of the district’s total area.
The third step was to calculate the exposure value. This was done using, as reference 
values, a maize yield of 9.8 Mg ha-1 at a price of MXN 6000 Mg-1, taken from the 
agricultural cost system for the state of Hidalgo published by the Trusts Established 

Table 2. Vulnerability index classification.

V7 VT VR Vulnerability Typification

Vulnerability function for 
phenological stage V7

Vulnerability function for the VT 
and R1 phenological stages

Depth of 
flooding (m)

Vulnerability 
index

Depth of 
flooding (m)

Vulnerability 
index

P1 M B B Low 0.25 0.5 0.5 0.5 0.25
P2 A M M Medium 0.5 1.0 1.0 1.0 0.5
P4 A A A High 1.0 2.0 1.0 2.0 1.0

P1, P2, and P3: flood depth levels (0.5, 1, and 2 m, respectively); V7: phenological stage of internode elongation (30–55 d after 
sowing); VT: stage of flowering, pollination, and fertilization (55–65 d); R1: grain filling stage (65–90 d); B: low vulnerability; 
M: medium vulnerability; A: high vulnerability.

Table 3. Impact on yield in relation to the duration of the flooding.

Duration (days) Impact on yield

Flash flood (1) 10 %
2 to 3 40 %
3 to 5 60 %

Above 6 100 %
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Figure 1. Twenty-year return period hazard map for Irrigation District (ID) 008 Metztitlán, 
Mexico.
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Figure 2. Twenty-year vulnerability map for Irrigation District (ID) 008 Metztitlán, Mexico.
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in Relation to Agriculture (FIDA, 2024). A flood duration of 4 d was assumed, 
corresponding to the transit time of the complete hydrograph, which implies a 60 % 
reduction in yield based on the proposed values. Likewise, the hazard classification 
raster was used to quantify the area affected by the flood extent.
Based on these data, economic losses were estimated for each hazard classification 
(Table 4). These values were represented in a raster file, with each area assigned the 
corresponding loss value, resulting in a map of the exposure value for a 20-year return 
period of ID 008 (Figure 3). This indicates that, for a high exposure level, losses amount 
to MXN 75 819 307.2.

Table 4. Economic losses based on the classification of risk in Irrigation District 008, Metztitlán, Mexico.

Hazard Affected 
area (ha)

Yield
(Mg ha-1)

Price × Yield 
(MXN ha-1)

Economic 
losses (MXN)

Low     87.69 3.92  23 520.00 2 062 468.80
Medium   232.62 3.92  23 520.00 5 471 222.40

High 3223.61 3.92  23 520.00 75 819 307.20

The risk was calculated using raster algebra by multiplying the hazard, vulnerability, 
and exposure value rasters, which generated a risk raster in economic terms. The risk 
map for a 20-year RP of ID 008 (Figure 4) shows its spatial distribution based on flood 
exposure. The low-risk area, corresponding to losses of less than MXN 25 780.86, 
covers 45.2 ha, while the high-risk area, with losses between MXN 3 790 965.2 and 75 
819 304, covers 1999.29 ha, equivalent to 56.25 % of the total area of ID 008. During the 
return period analyzed, 3348.96 ha are at some degree of flood risk, corresponding to 
94.23 % of the district’s total area.
The methodological approach considers the factors that influence crops, including 
depth, duration, rate, and seasonality, the latter of which relates to the phenological 
stage. According to Merz et al. (2010), there are few studies that incorporate velocity 
and seasonality in the agricultural sector; Förster et al. (2008) make the same point in 
their damage assessment proposal, which is conducted on a monthly basis considering 
the probability of flooding for a 100-year RP.
The agricultural vulnerability assessment methodology by Blanc et al. (2010) focuses 
on the classification and characterization of damage to the element, with an approach 
aimed at its reduction. In contrast, the proposed methodology is based on the 
characterization of the crop, the potential damage from flooding, and its tolerance, 
which allowed for the definition of vulnerability functions. The assessment of economic 
losses was carried out in a general manner to obtain damages on a large scale and over 
extensive areas, unlike the cost estimation by Morris and Brewin (2014), which was 
developed at the farm level.
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Figure 3. Exposure map for a 20-year return period (RP) for Irrigation District 008 in Metztitlán, 
Mexico.
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Figure 4. Risk map for a 20-year return period (RP) for Irrigation District 008 in Metztitlán, 
Mexico.
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When comparing this methodology to approaches used in Mexico, such as the maize 
damage curves developed by Baró-Suárez et al. (2007), which are based on flood 
duration and apply only to plants taller than 30 cm while estimating damages in terms 
of minimum wages, and the methodology proposed by Vega-Serratos et al. (2018), 
which calculates average damage based on duration and probability of exceedance 
with monthly disaggregation, it becomes evident that the proposed methodology 
offers distinct advantages. It not only assesses economic damage but also allows for 
the calculation of hazard, vulnerability, and risk in economic terms, without being 
restricted to plant height. Additionally, it incorporates map algebra, simplifying the 
process and facilitating the generation of maps that identify zones with varying levels 
of hazard, vulnerability, and risk. The results illustrate a method for obtaining zoned 
risk maps, contrasting with the use of curves that rely on information about probability 
of exceedance or duration and only provide general estimates of damage.

CONCLUSIONS
The proposed methodology allows for the estimation of areas with varying degrees of 
risk, vulnerability, and hazard posed by flooding in the agricultural sector, specifically 
on plots planted with maize. The resulting risk map illustrates economic losses by area 
based on their exposure to flooding. Identifying the areas of greatest risk allows for 
the implementation of mitigation measures to reduce the effects of these events. For a 
more comprehensive analysis of risk quantification in an irrigation district, it would 
be valuable to have access to information such as crop patterns, production costs, crop 
value, yields, and detailed data on production cycles. Additionally, an assessment of 
the infrastructure is crucial; however, this information was not available in the case 
study.
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ABSTRACT
Intensive agricultural management causes soil alteration, which leads to a decrease in some of 
its physical characteristics and a change in its quality and fertility. Bulk density and hydraulic 
conductivity are parameters used to evaluate these effects on food production. Other factors, 
such as soil organic matter, are also relevant for assessing soil quality, including physical 
quality, due to their close relationship with other soil properties. The objective of this study 
was to evaluate the physical quality of soils subjected to frequent changes resulting from 
intensive agricultural management. Five soils (S1, S2, S3, S4, and S5) classified as Vertisols from 
Acámbaro, in the state of Guanajuato, Mexico, were evaluated. Sampling was carried out at a 
depth of 0 to 20 cm to obtain a homogeneous composite sample. Nineteen physical variables 
and the soil organic matter content were determined. A principal component analysis was 
applied to rank the most important variables and calculate physical quality indices. Soil S4 
had a low degradation index, associated with particle stability and high hydraulic conductivity 
(7.0 cm h-1). Soils S1, S2, S3, and S5 were classified as having a moderate degradation index, 
attributable to intense mechanical effects such as subsoiling and harrowing. When the organic 
matter variable was integrated into the generation of the indices, the physical quality of all soils 
was considered high, and the degradation index decreased as a result of the high organic matter 
content (5.85–8.58 %) and reserves, which favor adequate physical conditions. The addition of 
labile organic materials, such as manure and compost, in intensive agriculture improves the 
physical quality of the soil over prolonged periods, with positive effects on its conservation.

Keywords: Intensive agriculture, physical fertility, soil conservation, Vertisols.

INTRODUCTION
Intensive agricultural management causes soil alteration, resulting in limited 
adaptability and recovery capacity. In the medium term, characteristics such as 
structure, water storage capacity, and resistance to environmental factors such as 
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wind and heavy rainfall lead to a decline in soil quality and fertility (García et al., 2018; 
de Lima et al., 2017). This process causes the deterioration of its physical properties, 
such as compaction, as well as chemical imbalances such as the formation of salt crusts 
and the release of environmentally significant gases (Lepore et al., 2024).
Authors such as Schjønning et al. (2015) recommend establishing studies on land use 
intensity and soil characterization to address degradation processes and generate 
preventive or corrective strategies against adverse effects on soil susceptibility. 
Such studies should consider soil characteristics such as bulk density, particle size 
distribution, and hydraulic conductivity due to their influence on the assessment 
of effects on crop production (Ward et al., 2021) and their sensitivity to changes in 
soil management (Novillo-Espinoza et al., 2018). In this context, soil organic matter 
is important for creating quality indices, including physical quality, due to its strong 
connection with other soil properties (Montoya-Jasso et al., 2019; Chen et al., 2023; Xu 
et al., 2023).
Recently, mathematical models have been created that seek to integrate various 
variables to define restoration and improvement strategies in the management of 
agricultural production systems, including soil quality criteria (Lepore et al., 2024). 
These models make it possible to identify attributes with the greatest impact that 
contribute to the generation of indices of the current state of the soil (Montoya-Jasso et 
al., 2022). These include models for calculating soil water deficit (Schulte et al., 2005), 
drainage rates in different texture classes (Allen et al., 1998), and approaches based 
on lysimeter observations (Diamond and Sills, 2001). However, models of physical 
soil quality indicators, such as the S-Index (Dexter, 2004) and the Soil Management 
Assessment Framework (Andrews et al., 2004), include organic matter as an empirical 
variable with arbitrary weighting, without explicitly considering quantitative evidence 
of its relative weight on pure physical variables. Although these models integrate 
physical and chemical soil variables, there is a need to combine variables with high 
degrees of correlation.
Based on the above, the objective of this research was to create soil indices for the 
proposed models, both with and without organic matter. This was conducted to assess 
the physical quality of soils that undergo constant changes in their characteristics due 
to intensive agricultural management.

MATERIALS AND METHODS

Soils
Five soils classified as Vertisols were used, originating from Jaral del Refugio, in the 
municipality of Acámbaro, Guanajuato, Mexico. Sampling was carried out in soils 
under intensive agricultural management (subsoil, harrowing, and leveling at the 
beginning of each agricultural cycle for more than 30 years) (Table 1), at a depth of 0–20 
cm. A sub-sampling system with an auger was applied at five points, and the samples 
were mixed to obtain a homogeneous composite sample per plot. The soils were dried 
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in the shade at room temperature to constant weight. They were then sieved with a 
2.0 mm mesh. In cases where macroaggregates were present, they were ground with a 
porcelain mortar to reduce their size to 2.0 mm.

Laboratory determinations
The determinations were carried out at the Soil Physics Laboratory of the Postgraduate 
College. To remove the organic matter from the soil and ensure representativeness 
in subsequent analyses, a preliminary treatment with 30 % hydrogen peroxide was 
carried out. In soils where organic matter needed to be quantified, its content was 
determined using the Walkley and Black (1947) method.
Bulk density and saturated hydraulic conductivity were determined from unaltered 
samples, for which PVC cores 80 mm in diameter and 10 cm in length were installed, 
forming soil columns. Bulk density was calculated using the following equation:

𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 (𝑔𝑔 𝑐𝑐𝑐𝑐−3) = 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 (𝑔𝑔)
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 (𝑐𝑐𝑐𝑐3) 

Table 1. Description of intensive agricultural management practices at the site evaluated.

Handling 
practice Description Impacts on the soil

Conventional 
farming

Subsoiling, plowing, and harrowing with 
tractors to turn the soil to a depth of 0–30 
cm, followed by leveling and sowing with 
precision seeders.

Improves initial aeration and 
weed control but accelerates water 
erosion and loss of organic matter 
(González-Contreras et al., 2025). 
High dependence on machinery 
(100 % tractors).

This method is used on 70–80 % of plots 
used for annual crops (corn and sorghum 
in the spring-summer cycle, wheat, oats, 
and chickpeas in the fall-winter cycle).

Fertilization and 
incorporation of 
amendments

Intensive chemical application (320 kg 
ha-1 of N; 41–100 kg ha-1 of P) in furrows, 
followed by sowing.

It corrects deficiencies, but 
generates losses of up to 165 kg 
N ha-1; inefficiency 20–40 %. In 
transition plots, chemical doses are 
reduced by 20–50 % (Bhople et al., 
2025).

Transition to mixed application with 
organic matter (50 %) and 100 % weed 
management with herbicides.

Stubble 
management

Incorporation of post-harvest stubble (in 
corn and sorghum, 5–10 Mg of residues 
ha-1).

It stimulates soil biology, increases 
organic matter, reduces compaction 
by machinery, and improves 
yields, increasing corn grain yields 
by up to 1020 kg ha-1 (González-
Contreras et al., 2023).

Currently, burning is avoided in only 
60 % of the soils evaluated, and manure 
and compost are added (farmers do not 
have actual data on the amount added).



Agrociencia 2026. DOI: https://doi.org/10.47163/agrociencia.v60i4.3414
Scientific Article 556

Subsequently, with the soil dried and sieved to 2.0 mm, the total porosity was 
calculated:

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 (%) = (1 − (𝐷𝐷𝐷𝐷𝐷𝐷
(𝑔𝑔 𝑐𝑐𝑐𝑐−3)

𝐷𝐷𝐷𝐷 (𝑔𝑔 𝑐𝑐𝑐𝑐−3) )) ∗ 100 

Textural classification was determined using the Bouyoucos (1936) method. Field 
capacity and permanent wilting point were obtained using the methodology proposed 
by Reynolds and Elrick (1986). The weighted mean diameter was estimated following 
the procedure described by Burés-Pastor (1997). 
Likewise, the variables corresponding to the Atterberg limits (liquid limit, plasticity 
index, shrinkage index, and workability range) were determined. Based on these 
properties, the particle separability index (ISP) and the sealing-coating index (ISE) and 
coating index (IE) were estimated using the equations proposed by Florentino (1998) 
and Comerma et al. (1992):

𝐼𝐼𝐼𝐼𝐼𝐼 = % 𝑜𝑜𝑜𝑜 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
% 𝑜𝑜𝑜𝑜 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 + % 𝑜𝑜𝑜𝑜 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 

 

𝐼𝐼𝐼𝐼𝐼𝐼 = 6.7433 ∗ % 𝑜𝑜𝑜𝑜 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
0.55001 ∗ (% 𝑜𝑜𝑜𝑜 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 + % 𝑜𝑜𝑜𝑜 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠) 

 

𝐼𝐼𝐼𝐼 = 1.1255 ∗ % 𝑜𝑜𝑜𝑜 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
(% 𝑜𝑜𝑜𝑜 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 + 10)(% 𝑜𝑜𝑜𝑜 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚) 

Multivariate analysis
For the analysis of determinations, SAS 9.3 statistical software (SAS Institute Inc., Cary, 
NC, USA) was used, and the methodology proposed by Florentino (1998) was applied, 
which recommends using principal component analysis (CP) to obtain a hierarchy of 
the most important variables and calculate the physical quality indices of the soils, 
taking into account their distribution and correlation along the component with the 
highest explained variance (Chen et al., 2025).
Two CP analyses were performed. The first included the organic matter variable for 
all soils, while in the second this variable was excluded, with the aim of evaluating 
the impact of organic matter on the generation of soil physical quality indicators. Five 
levels of degradation (1 to 5) were identified, and the level degradation identity value 
(IDN) was obtained using the following equation:

𝐼𝐼𝐼𝐼𝑁𝑁 =
𝑉𝑉𝑚𝑚𝑚𝑚𝑚𝑚
𝑉𝑉𝑚𝑚𝑚𝑚𝑚𝑚
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where Vmin corresponds to the level with the least degradation (1, 2, 3, or 4, as applicable) 
and Vmax to the level with the greatest degradation (5).

The degradation index (ID) was calculated using the following expression:

𝐼𝐼𝐼𝐼 =∑ (𝐼𝐼𝐼𝐼𝑁𝑁#𝑉𝑉 )
𝑛𝑛

𝑖𝑖=1
 

where #V corresponds to the number of variables selected by the model as the most 
representative ones.

Finally, the physical quality index of soils (ICFS) was calculated as:

𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 = 1
𝐼𝐼𝐼𝐼 

RESULTS AND DISCUSSION
The physical characterization and organic matter content of the soil (Table 2) showed 
homogeneity in clay content (40 %), presumably expansive clays given the soil 
classification, which predisposes it to compaction (Dexter, 2004). However, the bulk 
density is low (<1.11 g cm-3), indicating an absence of compaction despite frequent 
mechanization (Bondi et al., 2020) with subsoiling and harrowing, as well as the high 
organic matter content (>5.85 %), which, according to Dorji et al. (2019), promotes 
continuous improvements in physical and chemical properties, such as increased soil 
microporosity.
Soils S2, S3, and S5 exhibited zero hydraulic conductivity upon saturation, indicating 
a reduction in total pore space and suggesting structural alteration associated with 
intensive soil preparation for agricultural purposes (de Jong van Lier, 2017). In 
contrast, soils S1 and S4, with a smaller weighted mean diameter (<5.83 mm) and a 
crusting index <1, exhibit high stability, with no issues of surface compaction and 
greater mechanical resistance to losses due to irrigation water or precipitation.
In the principal component analysis of the model that included soil organic matter 
(MOS), CP1 explained 97.4 % of the variance, followed by CP2 with 1.41 %, which 
together accounted for 98.81 % of the total variability (Figure 1A). In the model 
excluding MOS, the component with the highest explained variance was CP1 at 97.31 
%, followed by CP2 at 1.46 %, together explaining 98.76 % of the variability (Figure 1B). 
These results reinforce the reliability and applicability of both models for determining 
physical quality indices.
To calculate the degradation and physical quality indices, it is necessary to use the 
variables with the highest eigenvalues of CP1, as this component explains the largest 
percentage of variance and helps reduce measurement errors (Chen et al., 2025). In the 
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model including MOS, the representative variables were the liquid limit, sand content, 
permanent wilting point, crusting index, and sealing-crusting index (Figure 1A). In 
contrast, in the model excluding MOS, the selected variables were the liquid limit, 
total pore space, sand content, sealing-crusting index, and particle separability index, 
as they exhibited higher correlation and a high discriminatory value (Figure 1B).
Additionally, as bulk density increased, total pore space decreased (Figure 1A), 
indicating a decline in the soil’s hydraulic properties (Chrysanthopoulos and 
Kallioras, 2025), including restrictions on root growth (Dexter, 2004). Likewise, MOS 
exhibited effects associated with a reduction in total pore space due to its high degree 
of recalcitrance, suggesting a gradual decrease in total porosity (Figure 1A). This 
behavior is consistent with that described by Minasny and McBratney (2017), who 
reported limiting effects on soil hydraulic capacity that favor waterlogging conditions 
and restrict plant growth (de Melo et al., 2023) when an easily mineralized organic 

Table 2. Average values of the soil determinations made in Vertisols of Jaral del Refugio, 
in Guanajuato, Mexico.

Evaluated soils

Variable S1 S2 S3 S4 S5

BD (g cm-3) 0.96 1.01 0.94 1.11 1.07
TPS (%) 61 57 55 54 57
MiP (%) 23 26 12 23 12
MaP (%) 38 31 43 31 45
Sa (%) 8 3 13 20 7
Si (%) 52 57 47 40 53
Cl (%) 40 40 40 40 40
FC (%) 48 59 38 46 39
PWP (%) 29 36 31 33 29
SHC (cm h-1) 1.33 0 0 7 0
WMD (mm) 5.83 6.22 6.67 4.39 6.62
OM (%) 6.63 8.58 5.85 8.19 6.24
PSI 0.667 0.667 0.667 0.667 0.667
SCI 0.495 0.563 0.383 0.188 0.548
CrI 1.355 1.753 1.195 1.673 1.275
SL 34 33 36 37 30
PL 38 37 37 41 37
LL 57 63 61 63 59
RW 19 26 24 22 22

BD: bulk density; TPS: total pore space; MiP: microporosity; MaP: microporosity; 
Sa: sands; Si: silts; Cl: clays; FC: field capacity; PWP: permanent wilting point; SHC: 
saturated hydraulic conductivity; WMD: weighted mean diameter; OM: organic matter; 
PSI: particle separability index; SCI: sealing-crusting index; CrI: crusting index; SL: 
shrinkage limit; PL: plastic limit; LL: liquid limit; RW: range of workability.
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Figure 1. Biplot of the principal component (CP) analysis of soil physical properties. A) Model 
including soil organic matter (MOS); B) model excluding MOS. BD: bulk density; TPS: total 
pore space; MiP: microporosity; MaP: macroporosity; Sa: sands; Si: silts; Cl: clays; FC: field 
capacity; PWP: permanent wilting point; SOM: soil organic matter; SHC: saturated hydraulic 
conductivity; WMD: weighted mean diameter; PSI: particle separability index; SCI: sealing-
crusting index; CrI: crusting index; SL: shrinkage limit; LP: plastic limit; LL: liquid limit; WR: 
workability range.
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source is not incorporated to improve oxygen availability in the medium term (Mori 
et al., 2023).
In both models, field capacity and the permanent wilting point decreased as soil 
hydraulic conductivity increased (Figure 1) as a result of reduced moisture retention 
capacity in the surface layers (Salazar et al., 2022). However, this behavior is common 
in soils with high content of expansive clays (Pinheiro et al., 2019). Florentino (1998) 
proposed a classification of soil physical quality based on the degradation index, 
defined according to the intensity of the model’s effect (Table 3).

Table 3. Classification of soil degradation and physical quality indices.

Class Degradation Index Interpretation Physical quality index Interpretation

1 <0.20 Very low 5.00 Very high 
2 0.20–0.40 Low 5.00–2.50 High
3 0.40–0.60 Moderate 2.50–1.67 Moderate
4 0.60–0.80 High 1.67–1.25 Low
5 0.80–1.00 Very high <1.25 Very low

Table 4. Assessment of the physical quality of Vertisols in Jaral del Refugio, Guanajuato, Mexico, 
subjected to intensive tillage.

Soil DI DI classification ICFS ICFS Classification ICFS(t) ICFS Classification(t)

S1 0.84 Very high 1.19 Very low 4.52 High
S2 0.84 Very high 1.19 Very low 4.78 High
S3 0.96 Very high 1.04 Very low 4.60 High
S4 0.88 Very high 1.14 Very low 4.49 High
S5 0.92 Very high 1.09 Very low 4.56 High

DI: Degradation index; ICFS: soil physical quality index; ICFS(t): transformed soil physical quality 
index.

Based on the classification of the degradation indices (DI) and physical soil quality 
indices (ICFS) for the evaluated soils (Table 4), it was observed that soil S4 had the 
lowest DI. This was due to aggregate stability resulting from the presence of particles 
with a mean diameter <4.39 mm and high hydraulic conductivity (7.0 cm h-1) (Table 2). 
According to Reyes (2019), this reduces the risk of erosion. The remaining soils had a 
moderate DI, indicating a decrease in moisture retention and availability (hydraulic 
conductivity values <1.0 cm h-1) (Minasny and McBratney, 2017) due to higher intensity 
of mechanized tillage (Liu et al., 2022).
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Notably, ICFS values improved (Table 4) when labile organic matter was added to the 
soil, leading to a significant enhancement in physical quality through the formation 
of soil aggregates resulting from the release and formation of chelates during the 
mineralization of organic matter in conjunction with soil clays (Montoya-Jasso et al., 
2021). The addition of waste creates a reserve of slowly mineralizing organic materials, 
which ensures the long-term preservation of soil physical quality (Głąb et al., 2016).

CONCLUSIONS
Intensive agricultural management reduces the ability of the topsoil to retain and 
distribute moisture, reflecting significant degradation effects. Despite extensive 
mechanization, the addition of labile organic matter in intensive agriculture improves 
soil physical quality over a considerable period, which has a positive impact on soil 
conservation. To minimize errors in interpreting the results of multivariate analysis, 
it is important to use reference tables specific to the soil type when evaluating soil 
degradation indices and physical quality.
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ABSTRACT
Soil quality is essential for sustainable agriculture. Nonetheless, inadequate irrigation methods, 
improper fertilizer use, and over-cultivation reduce soil quality, thereby decreasing soil fertility. 
Precise soil quality prediction is crucial for improving agricultural practices. Conventional deep 
learning models often encounter problems related to superfluous features, high computational 
demands, and inaccurate predictions. In this work, an innovative deep learning architecture 
integrating optimal feature selection was proposed to address these challenges. Initially, the 
Adaptive Parrot Optimization (AdPo) method was used to identify the most relevant features 
from pre-processed soil data. The Extended Cross Stage Pyramid Network (ExCSP_Net) was 
introduced to improve soil quality prediction. This network integrates a gated recurrent unit 
(GRU)-based attention module into the main pathway of the Cross Stage Partial (CSP) model to 
capture long-range dependencies and emphasize relevant information. In addition, a stacked 
autoencoder was incorporated before the feature-sharing stage in the short path of the CSP 
model to reduce dimensionality and generate meaningful representations. The AdPo+ExCSP_
Net model demonstrated outstanding performance, achieving an accuracy of 98.58 %, recall 
of 98.09 %, precision of 98.32 %, F1-score of 98.15 %, Mean Absolute Error (MAE) of 0.53, Root 
Mean Square Error (RMSE) of 0.65, and coefficient of determination (R²) of 0.99. These findings 
highlight the effectiveness of the proposed methodology for accurate soil quality prediction and 
the promotion of sustainable agricultural practices.

Keywords: adaptive weighting, missing data imputation, cross stage pyramid network, optimal 
feature selection, soil quality.
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INTRODUCTION
Agricultural management is essential for ensuring the productivity and sustainability 
of farming systems. It involves the control, monitoring, and planning of agricultural 
activities, including resource allocation, irrigation, pest management, livestock care, 
and crop production (Li et al., 2025). Effective agricultural management is necessary 
to meet the growing demand for food, address environmental transformation, and 
protect natural resources (Song et al., 2024). Agricultural yields can be enhanced by 
optimizing farming practices while minimizing costs and environmental impacts 
(Safaie et al., 2023).
One of the most important aspects of agricultural management is soil quality 
management. Soil is a fundamental component of productive agriculture because it 
provides essential nutrients that support crop production (Barathkumar et al., 2025). 
Soil with higher organic matter content and an appropriate nutrient composition 
promotes the development of healthier plants, thereby improving crop productivity. 
In contrast, poor-quality soil limits crop productivity due to nutrient deficiencies and 
increases crop susceptibility to pests and diseases (Huang et al., 2023).
Soil quality is also critical for the long-term sustainability of farming. Poor irrigation 
management, excessive fertilizer use, and over-farming negatively affect soil quality 
through fertility loss, erosion, and soil degradation (Raza et al., 2023). Practices such 
as reduced tillage, cover cropping, organic farming, and crop rotation contribute 
to improved agricultural management by preserving and enhancing soil health 
(Omondiagbe et al., 2023). Effective agricultural management helps maintain soil 
fertility, enhance production, reduce the need for chemical inputs, and support 
sustainable agricultural productivity (Ghani et al., 2024).
Traditional soil evaluation methods involve the manual collection of soil samples from 
various locations, followed by chemical and physical analyses in laboratories to assess 
soil health based on the obtained results (Chaudhry et al., 2024). Accordingly, traditional 
soil quality forecasting relies on field observations, laboratory testing, physical soil 
sampling, historical data analysis, geographic surveys, and soil mapping to evaluate 
soil characteristics such as moisture levels, nutrient content, and pH levels, as well as to 
predict soil quality across larger areas (Suwardi et al., 2023; Pant et al., 2024). However, 
these methods face major challenges because they are expensive, labor-intensive, and 
time-consuming, particularly when large geographical areas are considered (Parewai 
and Köppen, 2024). In addition, soil properties can vary considerably over short 
distances, making it difficult to accurately capture soil characteristics across different 
regions (El Behairy et al., 2024). Spatial variability and the lack of real-time data further 
reduce the efficiency of traditional soil quality forecasting methods for continuous soil 
monitoring and agricultural management (Divya et al., 2024).
Deep learning-based methods for predicting soil quality provide an effective solution 
to many of the challenges associated with conventional techniques by using advanced 
algorithms and large datasets to achieve greater speed and accuracy (Chen et al., 2023). 
Using historical records, remote sensing data, and satellite imagery, deep learning 
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approaches can analyze complex soil characteristics without requiring extensive 
manual sampling (Selvanarayanan et al., 2024). In addition, these models are highly 
scalable, enabling more efficient soil quality assessment across large geographical 
regions (Shahzad et al., 2024). However, certain limitations remain. The accuracy of 
deep learning models depends heavily on the availability and quality of the training 
data (Shahare et al., 2024). Poor-quality or limited datasets may result in unreliable 
predictions, thereby increasing the complexity of agricultural management (Kalyani 
and Kolla, 2024). To address these limitations, a deep learning-based framework for 
forecasting soil quality with optimal feature selection was proposed in this study 
(Sumathi et al., 2023).
The primary objective of this research was to develop an efficient framework for 
forecasting soil quality that can improve prediction accuracy and convergence 
performance. For this purpose, the Adaptive Parrot Optimization (AdPo) algorithm 
was designed for feature selection to enhance the convergence rate in identifying the 
global optimal solution. In this approach, adaptive weighting was incorporated into 
the exploration stage of the parrot optimization algorithm to improve convergence 
efficiency during the search process. Furthermore, soil quality forecasting was 
performed using the proposed Extended Cross Stage Pyramid Network (ExCSP_Net) 
to improve forecasting accuracy. In the ExCSP_Net architecture, a gated recurrent 
unit (GRU)-based attention module was integrated into the main path of the Cross 
Stage Partial (CSP) model to capture important feature dependencies, while a stacked 
autoencoder was incorporated before the feature-sharing stage in the short path of the 
CSP model to reduce feature dimensionality and generate meaningful representations.

MATERIALS AND METHODS
Soil quality forecasting using optimal feature selection and deep learning-based 
prediction was introduced in this study (Figure 1). Initially, the soil data were acquired 

Input Soil 
Data Pre-Processing

Missing Data Imputation

Normalization

Adaptive Parrot 
optimization Based 
Feature Selection

Extended Cross 
Stage Pyramid 

Network Based Soil 
Quality Forecasting

Predicted 
Outcome

Figure 1. General workflow of the proposed soil quality forecasting framework.
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from a publicly available dataset and pre-processed using missing data imputation 
and normalization techniques. Subsequently, significant features were selected from 
the preprocessed data using the Adaptive Parrot Optimization (AdPo) algorithm. 
Finally, soil quality prediction was performed using the Extended Cross Stage Pyramid 
Network (ExCSP_Net). For the development of ExCSP_Net, a gated recurrent unit 
(GRU)-based attention module was incorporated into the main path of the Cross Stage 
Partial (CSP) model, and a stacked autoencoder was integrated before the feature-
sharing stage in the short path of the CSP model to minimize feature dimensionality.

Data acquisition
The input data for the proposed soil quality forecasting framework were obtained from 
the publicly available Soil Fertility Dataset available on Kaggle (https://www.kaggle.
com/datasets/rahuljaiswalonkaggle/soil-fertility-dataset). The dataset contained 
38 600 soil samples with multiple numerical attributes, including pH, nitrogen 
(N), phosphorus (P), potassium (K), organic carbon, moisture content, electrical 
conductivity, and other fertility-related indicators, resulting in a total of N predictor 
variables (Oukhattar et al., 2025). The response variable corresponded to soil fertility 
status, representing the soil quality class indicating soil suitability for crop growth 
(Ziyadullaev et al., 2024).
The proposed Adaptive Parrot Optimization with Extended Cross Stage Pyramid 
Network (AdPo+ExCSP_Net) model was implemented in the Python programming 
language on a Windows 10 operating system with 8 GB RAM. Conventional 
approaches, including Artificial Neural Network (ANN), Extreme Gradient Boosting 
(XGBoost), Random Forest (RF), Improved Soil Quality Prediction-Deep Learning 
(ISQP-DL), and the proposed model without AdPo, were used for comparative 
analysis. Model performance was evaluated using Mean Absolute Error (MAE), Root 
Mean Square Error (RMSE), coefficient of determination (R2), processing time, F-score, 
recall, precision, and accuracy.

Pre-processing
Pre-processing based on missing data imputation and normalization was applied in 
the proposed soil quality forecasting model. Missing data imputation was performed 
to enable the effective use of incomplete datasets by estimating missing values while 
preserving the overall structure and richness of the data, preventing information loss 
and improving prediction accuracy. Missing values were estimated using the K-Nearest 
Neighbors (KNN)-based imputation method, in which predictions were generated 
from the values of the nearest neighbors in the dataset. The KNN-based approach 
considered the relationships among features and provided accurate imputation for 
soil data. The steps involved in KNN-based missing data imputation were as follows.
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Step 1: The Euclidean distance between data points was calculated as:

𝐷𝐷(𝑋𝑋𝑢𝑢,𝑋𝑋𝑣𝑣) = √∑(𝑋𝑋𝑢𝑢,𝑠𝑠 − 𝑋𝑋𝑣𝑣,𝑠𝑠)
2

𝑆𝑆

𝑠𝑠=1
 

where the data points are represented as Xu,s and Xv,s, respectively, the total number of 
data points is represented as S, and the distance between them is denoted as D(Xu,Xv). 
The S nearest neighbors were selected based on the calculated distance.

Step 2: Missing data imputation was performed by estimating the mean of the selected 
S data points. Following missing data imputation, normalization was performed to 
transform the data into a standard form.

Normalization
Z-score-based normalization was applied to standardize the data and was expressed 
as:

𝐼𝐼𝑧𝑧 =
𝑥𝑥 − 𝐴𝐴𝐴𝐴𝐴𝐴

𝑆𝑆𝑆𝑆  

where Iz represents the normalized output, Avg is the average value, SD is the standard 
deviation, and x is the input value. Significant feature selection was subsequently 
performed from the preprocessed data using the proposed AdPo algorithm.

Feature selection
AdPo-based feature selection was used to identify the optimal feature subset from 
the pre-processed data. The proposed AdPo algorithm was designed to improve the 
convergence rate of the optimization process in identifying the global optimal solution. 
In this approach, adaptive weighting was incorporated into the exploration stage 
of the parrot optimization algorithm to enhance convergence efficiency during the 
search process. Forecasting accuracy was considered a fitness function for selecting the 
optimal feature subset. The population size, represented by L, denotes the number of 
parrots (solutions) in the swarm, whereas Ymax is the maximum number of iterations 
used to update the positions of the solutions.

The initial position of the parrot was calculated as:

𝑃𝑃𝑟𝑟0 = 𝐷𝐷 + 𝑢𝑢(0,1) ⋅ (𝑋𝑋 − 𝐷𝐷) 

where D and X are the lower and upper boundaries of the search space, respectively. 
The term u(0,1) is a continuous uniform random variable within the interval (0,1), 
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which introduces randomness during initialization, and Pr
0 represents the initial 

position of the rth parrot.

The position updating process was expressed as:

𝑃𝑃𝑟𝑟𝑌𝑌+1 = (𝑃𝑃𝑟𝑟𝑌𝑌 − 𝑃𝑃𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏) ⋅ 𝑄𝑄(𝑛𝑛) + 𝑢𝑢(0,1) ⋅ (1 − 𝑦𝑦
𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚

)
2⋅ 𝑦𝑦
𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚 ⋅ 𝑃𝑃𝐴𝐴𝐴𝐴𝐴𝐴𝑌𝑌  

where Pr
Y represents the current position of the rth parrot, Pr

(Y+1) is the updated 
position after iteration, and Pbest indicates the best position identified by the swarm, 
corresponding to the optimal solution obtained thus far. The term Q(n) represents the 
Lévy flight distribution, which enables long exploratory movements during the search 
process and facilitates the identification of new solution regions. The variable u(0,1) 
is a continuous uniform random variable within the interval (0,1), y represents the 
current iteration, and Ymax indicates the maximum number of iterations. In addition, 
PAvg

Y is the average position of the swarm population, which guided the solutions 
according to the general movement trend of the swarm.

The solution updating mechanism of the proposed AdPo algorithm consisted of two 

major stages, namely exploration and exploitation, represented by (𝑃𝑃𝑟𝑟𝑌𝑌 − 𝑃𝑃𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏) ⋅ 𝑄𝑄(𝑛𝑛)  

and
 
𝑢𝑢(0,1) ⋅ (1 − 𝑦𝑦

𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚
)
2⋅ 𝑦𝑦
𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚 ⋅ 𝑃𝑃𝐴𝐴𝐴𝐴𝐴𝐴𝑌𝑌  , respectively. 

The average position of the swarm at iteration Y was calculated as:

𝑃𝑃𝐴𝐴𝐴𝐴𝐴𝐴𝑌𝑌 = 1
𝐿𝐿∑𝑃𝑃𝑑𝑑𝑑𝑑

𝐿𝐿

𝑑𝑑=1
 

where L is the total population size and PdY is the position of the dth parrot at iteration 
Y.

Lévy flight
This approach was used as a random walk mechanism in which most movements 
were small, while occasional large jumps allowed extensive exploration of the search 
space. The Lévy flight distribution was defined as:

𝑄𝑄(𝑛𝑛) = 𝛿𝛿 ⋅ 𝜀𝜀
|𝑠𝑠|  

where δ~N (0,n) and s~N (0,n) represent normally distributed random variables, and 
ε was calculated as:
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𝜀𝜀 = (
𝛤𝛤(1 + 𝜆𝜆) ⋅ 𝑠𝑠𝑠𝑠𝑠𝑠 (𝜋𝜋 ⋅ 𝜆𝜆

2 )

𝛤𝛤 (1 + 𝜆𝜆
2 ) ⋅ 𝜆𝜆 ⋅ 2

1
𝜆𝜆

)

1
𝜆𝜆

 

where λ represents the parameter controlling the shape of the distribution and was set 
to 1.5. Lévy flights were effective for both local and global search processes, thereby 
enabling the optimization algorithm to explore both nearby and distant regions of the 
solution space.

To improve the foraging behavior of the parrots, an adaptive weighting strategy was 
incorporated and expressed as:

𝐴𝐴𝑑𝑑𝑤𝑤 = 𝑃𝑃𝑟𝑟𝑌𝑌+1 + 𝐹𝐹 ((𝑃𝑃𝑟𝑟𝑌𝑌)𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 − (𝑃𝑃𝑟𝑟𝑌𝑌)) 

where Adw represents the adaptive weighting factor, Pr
(Y+1) denotes the solution 

obtained in the current iteration, and Pr
Y is the solution obtained by the parrot search 

agent in the previous iteration. The term (Pr
Y)good indicates the best solution identified 

in the previous iteration, while F is the controlling parameter.

After incorporating adaptive weighting, the updated solution of the proposed AdPo 
algorithm was formulated as:

(𝑃𝑃𝑟𝑟𝑌𝑌+1)𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 = 𝐴𝐴𝑑𝑑𝑤𝑤 ∗ (𝑃𝑃𝑟𝑟𝑌𝑌+1)𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 

Substituting the adaptive weighting expression into the position updating process 
yielded:

(𝑃𝑃𝑟𝑟𝑌𝑌+1)𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 = [𝑃𝑃𝑟𝑟𝑌𝑌+1 + 𝐹𝐹 ((𝑃𝑃𝑟𝑟𝑌𝑌)𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 − (𝑃𝑃𝑟𝑟𝑌𝑌))] ∗ 

 
[(𝑃𝑃𝑟𝑟𝑌𝑌 − 𝑃𝑃𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏) ⋅ 𝑄𝑄(𝑛𝑛) + 𝑢𝑢(0,1) ⋅ (1 − 𝑦𝑦

𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚
)
2⋅ 𝑦𝑦
𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚 ⋅ 𝑃𝑃𝐴𝐴𝐴𝐴𝐴𝐴𝑌𝑌 ] 

The modified solution enhanced the exploration capability of the optimization process 
while improving convergence speed for identifying the global optimal solution.

Staying behavior. This represents the tendency of parrots to temporarily remain near 
their owner after movement. This behavior was modeled as a sudden movement 
toward the owner followed by a stationary phase and was expressed as:
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𝑃𝑃𝑟𝑟𝑌𝑌+1 = 𝑃𝑃𝑟𝑟𝑌𝑌 + 𝑃𝑃𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 ⋅ 𝑄𝑄(𝑛𝑛) + 𝑢𝑢(0,1) ⋅ 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜(1, 𝑛𝑛) 

where Pr
(Y+1) represents the updated position of the rth parrot, Pr

Y denotes the current 
position of the rth parrot, and Pbest · Q(n) is the movement toward the owner modeled 
using the Lévy distribution. The term u(0,1) · ones(1,n) represents the random stopping 
behavior near the owner.

Communicating behavior. This approach was used to model the natural social 
interactions of parrots, which are highly social animals. This allows individual 
parrots to exchange information and update their positions according to interactions 
within the swarm, thereby improving optimization performance. The communication 
process, either through movement toward the flock or through remote interaction, 
was modeled as:

𝑃𝑃𝑟𝑟𝑌𝑌+1 = {
0.2 ⋅ 𝑢𝑢(0,1) ⋅ (1 − 𝑦𝑦

𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚
) ⋅ (𝑃𝑃𝑟𝑟𝑌𝑌 − 𝑃𝑃𝐴𝐴𝐴𝐴𝐴𝐴)   𝑖𝑖𝑖𝑖 𝑄𝑄 ≤ 0.5

0.2 ⋅ 𝑢𝑢(0,1) ⋅ 𝑒𝑒𝑒𝑒𝑒𝑒 ( 𝑦𝑦
𝑢𝑢(0,1) ⋅ 𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚

)   𝑖𝑖𝑖𝑖 𝑄𝑄 > 0.5
 

where Pr
(Y+1) represents the updated position of the rth parrot at iteration Y+1, and 

Pr
Y is the current position of the rth parrot at iteration Y. The term u(0,1) generates 

a random number between 0 and 1 to introduce variability and randomness into 
the communication process. In addition, Q is a random value between 0 and 1 that 
determines whether the parrot moved toward the flock or communicated without 
movement.

Fear of strangers. This behavior was incorporated to simulate the natural tendency of 
parrots to avoid unfamiliar environments and remain close to safe regions. It ensures 
that the optimization process avoided unknown or less optimal regions of the search 
space and moved toward safer and more optimal solutions. The fear of strangers 
behavior was expressed as:

𝑃𝑃𝑟𝑟𝑌𝑌+1 = 𝑃𝑃𝑟𝑟𝑌𝑌 + 𝑢𝑢(0,1) ⋅ 𝑐𝑐𝑐𝑐𝑐𝑐 (0.5𝜋𝜋 ⋅ 𝑦𝑦
𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚

) − 𝑐𝑐𝑐𝑐𝑐𝑐(𝑢𝑢(0,1) ⋅ 𝜋𝜋) ⋅ ( 𝑦𝑦
𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚

)
2
⋅ (𝑃𝑃𝑟𝑟𝑌𝑌 − 𝑃𝑃𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏) 

where 𝑢𝑢(0,1) ⋅ 𝑐𝑐𝑐𝑐𝑐𝑐 (0.5𝜋𝜋 ⋅ 𝑦𝑦
𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚

)  describes the movement of the parrot toward a safe 

region. The term 𝑐𝑐𝑐𝑐𝑐𝑐(𝑢𝑢(0,1) ⋅ 𝜋𝜋) ⋅ (
𝑦𝑦

𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚
)
2
⋅ (𝑃𝑃𝑟𝑟𝑌𝑌 − 𝑃𝑃𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏)  models the avoidance of 

unfamiliar or unfavorable regions in the search space. The variable u(0,1) represents a 

random value within the interval [0,1], Pbest is the best position identified by the swarm, 
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y is the current iteration, Ymax is the maximum number of iterations, and Pr
Y indicates 

the current position of the rth parrot.

Feasibility estimation
The feasibility of the proposed AdPo algorithm was evaluated based on forecasting 
accuracy and was calculated as:

𝐹𝐹𝐹𝐹𝐹𝐹 = 𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹 

where Fit represents the fitness value, TP denotes the true positives, TN the true 
negatives, FP the false positives, and FN the false negatives.

Termination
The algorithm terminated when the global optimal solution was achieved or when 
the maximum number of iterations was completed. Based on the solution obtained 
using the AdPo algorithm (Algorithm 1), the optimal feature subset was selected to 
eliminate redundant features.

Algorithm 1. Pseudo-code of the proposed Adaptive Parrot Optimization (AdPo) 
algorithm for optimal feature selection.

Start 
Initialize the parameters 
Initialize the position of parrot search agent 
Estimate the fitness for parrot search agent 
Sort and update the solutions 
Choose the strategy randomly  
{ 
Update the solution based on foraging behavior 

(𝑃𝑃𝑟𝑟𝑌𝑌+1)𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 = [𝑃𝑃𝑟𝑟𝑌𝑌+1 + 𝐹𝐹 ((𝑃𝑃𝑟𝑟𝑌𝑌)𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 − (𝑃𝑃𝑟𝑟𝑌𝑌))] ∗ 

[(𝑃𝑃𝑟𝑟𝑌𝑌 − 𝑃𝑃𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏) ⋅ 𝑄𝑄(𝑛𝑛) + 𝑢𝑢(0,1) ⋅ (1 − 𝑦𝑦
𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚

)
2⋅ 𝑦𝑦
𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚 ⋅ 𝑃𝑃𝐴𝐴𝐴𝐴𝐴𝐴𝑌𝑌 ] 

Update the solution based on staying behavior 
𝑃𝑃𝑟𝑟𝑌𝑌+1 = 𝑃𝑃𝑟𝑟𝑌𝑌 + 𝑃𝑃𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 ⋅ 𝑄𝑄(𝑛𝑛) + 𝑢𝑢(0,1) ⋅ 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜(1,𝑛𝑛) 

Update the solution based on communicating behavior 

𝑃𝑃𝑟𝑟𝑌𝑌+1 = {
0.2 ⋅ 𝑢𝑢(0,1) ⋅ (1 − 𝑦𝑦

𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚
) ⋅ (𝑃𝑃𝑟𝑟𝑌𝑌 − 𝑃𝑃𝐴𝐴𝐴𝐴𝐴𝐴)   𝑖𝑖𝑖𝑖 𝑄𝑄 ≤ 0.5

0.2 ⋅ 𝑢𝑢(0,1) ⋅ 𝑒𝑒𝑒𝑒𝑒𝑒 ( 𝑦𝑦
𝑢𝑢(0,1) ⋅ 𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚

)   𝑖𝑖𝑖𝑖 𝑄𝑄 > 0.5
 

Update the solution based on fear of strangers 

𝑃𝑃𝑟𝑟𝑌𝑌+1 = 𝑃𝑃𝑟𝑟𝑌𝑌 + 𝑢𝑢(0,1) ⋅ 𝑐𝑐𝑐𝑐𝑐𝑐 (0.5𝜋𝜋 ⋅ 𝑦𝑦
𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚

) − 𝑐𝑐𝑐𝑐𝑐𝑐(𝑢𝑢(0,1) ⋅ 𝜋𝜋) ⋅ ( 𝑦𝑦
𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚

)
2
⋅ (𝑃𝑃𝑟𝑟𝑌𝑌 − 𝑃𝑃𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏) 

} 
Check the feasibility 
Check 𝑦𝑦 > 𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚  
𝑌𝑌 = 𝑦𝑦 + + 
Return the best solution 
end 
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Extended cross stage pyramid network-based soil quality forecasting

Soil quality forecasting was performed using ExCSP_Net to improve forecasting 
accuracy (Figure 2). For the development of ExCSP_Net, a GRU-based attention 
module was incorporated into the main path of the CSP model, and a stacked 
autoencoder was integrated before the feature-sharing stage in the short path of 
the CSP model to minimize feature dimensionality. The CSP network improved the 
learning efficiency of deep neural networks by reducing computational complexity 
and enhancing gradient flow. The CSP model operated by dividing feature maps 
into two parts across different stages and subsequently merging them within the 
network to improve feature representation learning. In addition, it combined pyramid 
structures with cross-stage feature fusion to process multiple scales in the input data 
for soil quality forecasting.

Input Features from 
AdPo Algorithm
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Figure 2. Architecture of the proposed Extended Cross Stage Pyramid Network (ExCSP_Net) for soil 
quality forecasting.

Algorithm 1. Continued

Start 
Initialize the parameters 
Initialize the position of parrot search agent 
Estimate the fitness for parrot search agent 
Sort and update the solutions 
Choose the strategy randomly  
{ 
Update the solution based on foraging behavior 

(𝑃𝑃𝑟𝑟𝑌𝑌+1)𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 = [𝑃𝑃𝑟𝑟𝑌𝑌+1 + 𝐹𝐹 ((𝑃𝑃𝑟𝑟𝑌𝑌)𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 − (𝑃𝑃𝑟𝑟𝑌𝑌))] ∗ 

[(𝑃𝑃𝑟𝑟𝑌𝑌 − 𝑃𝑃𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏) ⋅ 𝑄𝑄(𝑛𝑛) + 𝑢𝑢(0,1) ⋅ (1 − 𝑦𝑦
𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚

)
2⋅ 𝑦𝑦
𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚 ⋅ 𝑃𝑃𝐴𝐴𝐴𝐴𝐴𝐴𝑌𝑌 ] 

Update the solution based on staying behavior 
𝑃𝑃𝑟𝑟𝑌𝑌+1 = 𝑃𝑃𝑟𝑟𝑌𝑌 + 𝑃𝑃𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 ⋅ 𝑄𝑄(𝑛𝑛) + 𝑢𝑢(0,1) ⋅ 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜(1,𝑛𝑛) 

Update the solution based on communicating behavior 

𝑃𝑃𝑟𝑟𝑌𝑌+1 = {
0.2 ⋅ 𝑢𝑢(0,1) ⋅ (1 − 𝑦𝑦

𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚
) ⋅ (𝑃𝑃𝑟𝑟𝑌𝑌 − 𝑃𝑃𝐴𝐴𝐴𝐴𝐴𝐴)   𝑖𝑖𝑖𝑖 𝑄𝑄 ≤ 0.5

0.2 ⋅ 𝑢𝑢(0,1) ⋅ 𝑒𝑒𝑒𝑒𝑒𝑒 ( 𝑦𝑦
𝑢𝑢(0,1) ⋅ 𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚

)   𝑖𝑖𝑖𝑖 𝑄𝑄 > 0.5
 

Update the solution based on fear of strangers 

𝑃𝑃𝑟𝑟𝑌𝑌+1 = 𝑃𝑃𝑟𝑟𝑌𝑌 + 𝑢𝑢(0,1) ⋅ 𝑐𝑐𝑐𝑐𝑐𝑐 (0.5𝜋𝜋 ⋅ 𝑦𝑦
𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚

) − 𝑐𝑐𝑐𝑐𝑐𝑐(𝑢𝑢(0,1) ⋅ 𝜋𝜋) ⋅ ( 𝑦𝑦
𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚

)
2
⋅ (𝑃𝑃𝑟𝑟𝑌𝑌 − 𝑃𝑃𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏) 

} 
Check the feasibility 
Check 𝑦𝑦 > 𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚  
𝑌𝑌 = 𝑦𝑦 + + 
Return the best solution 
end 
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The features selected by the AdPo algorithm E were input into the ExCSP_Net model’s 
input layer and the feature extraction module designed with both main and short 
paths. Initially, the features were split to facilitate their passage through these main 
and short paths. The splitting of features was expressed as:

𝐸𝐸𝑀𝑀 ,𝐸𝐸𝑆𝑆 = 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆(𝐸𝐸) 

where EM represents the features forwarded to the main path, and ES represents the 
features provided to the short path of the ExCSP_Net model.

The main path of the ExCSP_Net model consisted of multiple residual blocks for 
extracting complex features. In the proposed architecture, a GRU_Attn layer was 
integrated with the residual blocks to extract spatial and temporal features for 
improving forecasting accuracy. Initially, the features from the main path were 
provided to the residual block for spatial feature extraction. The residual block utilized 
residual connections to address the vanishing gradient problem and enabled effective 
training of very deep neural networks. The residual block was defined as:

𝐵𝐵(𝑒𝑒) = 𝐶𝐶(𝑒𝑒, {𝐷𝐷𝑟𝑟}) + 𝑒𝑒 

where B(e) represents the output of the residual block, C(e,{Dr}) is the output of 
the convolutional layers within the block corresponding to the learned residual 
representation, and e is the input feature map provided through the skip connection. 
The extracted features were then sent to the activation layer, which introduced non-
linearity into the learned representations. The use of residual connections allowed 
these features to propagate through deeper layers without losing the original spatial 
information. As a result, the residual blocks enabled the network to maintain fine-
grained spatial structures from earlier layers while also learning higher-level feature 
abstractions.

The deep features extracted through the residual block were subsequently provided 
to the GRU module for temporal feature extraction, enabling the acquisition of long-
term dependent features. In soil quality prediction, temporal feature extraction 
using GRU facilitated the modeling of temporal relationships among measurements 
collected over time, making it suitable for applications in which soil quality changed 
dynamically (Babu et al., 2024). Thus, efficient temporal features were extracted with 
minimal computational complexity using the proposed ExCSP_Net model.
The output generated from the residual block was provided to the input layer of the 
GRU. The input sequence was represented as 

𝐿𝐿 = {𝑙𝑙1, 𝑙𝑙2, . . . 𝑙𝑙𝑓𝑓} 
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where lf represents the input at time step f. During sequence processing, the GRU 
computed the hidden state Yf at each time step. The hidden state estimation was 
performed through the processing of the reset gate, update gate, and candidate state.
The reset gate controlled the retention of relevant information by eliminating 
unnecessary features and was expressed as:

𝐺𝐺𝑓𝑓 = 𝜀𝜀(𝐵𝐵𝐺𝐺 ⋅ [𝑌𝑌𝑓𝑓−1, 𝑙𝑙𝐺𝐺]) 

where BG represents the weight associated with the reset gate, lG is the bias associated 
with the reset gate, and ε is the sigmoid activation function.
The output of the update gate was calculated as:

𝑍𝑍𝑓𝑓 = 𝜀𝜀(𝐵𝐵𝑍𝑍 ⋅ [𝑌𝑌𝑓𝑓−1, 𝑙𝑙𝑍𝑍]) 

where BZ is the weight associated with the update gate and lZ is the bias associated 
with the update gate.

Subsequently, the candidate state was estimated as:

𝑌̃𝑌𝑓𝑓 = 𝑡𝑡𝑡𝑡𝑡𝑡ℎ(𝐵𝐵𝑌𝑌 ⋅ [𝐺𝐺𝑌𝑌 ∘ 𝑌𝑌𝑓𝑓−1, 𝑙𝑙𝑌𝑌] + 𝑄𝑄𝑌𝑌) 

where BY is the weight associated with the candidate activation, ° denotes element-
wise multiplication, lY is the bias associated with the candidate activation, and QY 
indicates the additional learnable parameter (Genova et al., 2024).

The hidden state of the GRU was then updated as:

𝑌𝑌𝑓𝑓 = 𝐻𝐻𝑓𝑓 ∘ 𝑌𝑌𝑓𝑓−1 + (1 −𝐻𝐻𝑓𝑓)𝑌̃𝑌𝑓𝑓 

where Yf represents the updated hidden state, Hf is the update control parameter, Y(f−1) 
is the previous hidden state, and 𝑌𝑌𝑓𝑓 = 𝐻𝐻𝑓𝑓 ∘ 𝑌𝑌𝑓𝑓−1 + (1 − 𝐻𝐻𝑓𝑓)𝑌̃𝑌𝑓𝑓  corresponds to the candidate hidden state.

The GRU allowed the proposed model to capture both short-term and long-
term dependencies within soil quality data while maintaining low computational 
complexity. In addition, it mitigated the vanishing gradient problem and allowed the 
model to learn from long soil data sequences without losing important information.
Following temporal feature extraction, an attention mechanism was incorporated 
to assign weights to significant features for improving soil quality forecasting 
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performance. The attention score for the extracted features from the hidden layer of 
the GRU was calculated as:

𝑝𝑝𝑓𝑓 = 𝑞𝑞 ⋅ 𝑡𝑡𝑡𝑡𝑡𝑡ℎ(𝐵𝐵𝑌𝑌𝑌𝑌𝑓𝑓 + 𝑄𝑄𝑌𝑌) 

where q is the learnable vector, BY and QY denote the weight and bias parameters, 
respectively, and pf represent the attention score.

After computing the attention scores, the weights γf were assigned using the SoftMax 
function and expressed as:

𝛾𝛾𝑓𝑓 =
𝑒𝑒𝑒𝑒𝑒𝑒(𝑝𝑝𝑓𝑓)

∑ 𝑒𝑒𝑒𝑒𝑒𝑒(𝑝𝑝𝑑𝑑)𝐹𝐹
𝑑𝑑=1

 

The feature vector generated from the main path of the proposed ExCSP_Net model 
was defined as:

𝑛𝑛 = ∑𝛾𝛾𝑓𝑓𝑌𝑌𝑓𝑓
𝐹𝐹

𝑓𝑓=1
 

where n is the combined feature representation obtained from all input sequences. 
Thus, the output of the main path of the proposed ExCSP_Net model consisted of the 
most relevant features extracted with minimal computational complexity.

The short path of the ExCSP_Net model utilized the output of the stacked autoencoder 
for further processing to extract significant features with reduced dimensionality. The 
encoder compressed the input data into a lower-dimensional representation through 
multiple fully connected layers. The output of each encoder layer was expressed as:

𝐾𝐾(𝑟𝑟) = 𝑅𝑅(𝑆𝑆(𝑟𝑟) ⋅ 𝐾𝐾(𝑟𝑟 − 1) + 𝑣𝑣(𝑟𝑟)) 

where K(r) is the output of the rth encoder layer, S(r) denotes the weight matrix, v(r) 
represents the bias term, R indicates the activation function, and K(r−1) corresponds to 
the output of the previous layer.

At the center of the stacked autoencoder, a latent representation containing the most 
salient soil features was generated as:

𝑥𝑥 = 𝑅𝑅(𝑆𝑆(𝑥𝑥) ⋅ 𝐾𝐾(𝑟𝑟) + 𝑣𝑣(𝑥𝑥)) 

where x represents the latent feature vector, while S(x) and v(x) are the associated 
weights and bias parameters, respectively.
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The decoder reconstructed the input data from the latent representation while 
preserving the significant features of the original input. The decoder output was 
expressed as:

𝐾𝐾′(𝑟𝑟) = 𝑅𝑅(𝑆𝑆(𝑟𝑟) ⋅ 𝐾𝐾′(𝑟𝑟 − 1) + 𝑣𝑣(𝑟𝑟)) 

where K’(r) represents the output of the rth decoder layer, and K’(r−1) denotes the 
output of the previous decoder layer.

The dimensionality-reduced features obtained using the stacked autoencoder were 
subsequently forwarded through the short path of the ExCSP_Net model. Cross-stage 
fusion was then performed on the features generated from both the main and short 
paths of the proposed ExCSP_Net model. The cross-stage fusion mechanism ensured 
that gradient information from both paths contributed to weight updating while 
reducing redundant gradients. The output of the fusion layer was expressed as:

𝐸𝐸𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 = 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶(𝐸𝐸𝑀𝑀 ,𝐸𝐸𝑆𝑆) 

where Efused is the merged feature representation, and Concat(·) is the concatenation 
function.

Subsequently, pyramid pooling was performed to process multi-scale feature 
representations. The pyramid pooling operation was formulated as:

𝐸𝐸𝑝𝑝 = 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 (𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝐸𝐸𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 , 𝑦𝑦1),𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝐸𝐸𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 , 𝑦𝑦2), . . .𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝐸𝐸𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 , 𝑦𝑦𝑧𝑧)) 

where Ep represents the output of the pyramid pooling layer, and y1,y2,…,yz are 
different pooling kernel sizes used for multi-scale feature extraction.
After the pooling operation, a fully connected network was used for soil quality 
prediction. The fully connected network consisted of multiple convolution layers, and 
its output corresponded to the predicted soil quality based on the input soil data. The 
output of the fully connected layer was formulated as:

𝑂𝑂𝑂𝑂𝑂𝑂 = 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶(𝐸𝐸𝑝𝑝, 𝑆𝑆) 

where Out represents the predicted output, Ep is the output obtained from pyramid 
pooling, Conv(·) is the convolution operation, and S indicates the weight parameters. 
Thus, the proposed ExCSP_Net model enabled more accurate soil quality prediction.
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RESULTS AND DISCUSSION
The pre-processing techniques, including missing data imputation and normalization, 
improved the quality of the input data by reducing noise and inconsistencies, 
contributing to higher prediction accuracy (Figure 3). The AdPo algorithm ensured 
that only the most relevant features were selected, which improved the decision-
making capability of the model and further enhanced prediction accuracy. In 
addition, the ExCSP_Net architecture, incorporating GRU-based attention and stacked 
autoencoders, captured complex patterns in soil data more effectively, improving the 
overall prediction performance.
The stacked autoencoder incorporated within the ExCSP_Net model performed 
dimensionality reduction without losing critical information, minimizing overall 
prediction errors and reducing MAE and RMSE values. In addition, the combination 

Figure 3. Performance evaluation of soil quality forecasting models based on A: accuracy; B: recall; C: 
precision; D: F-score.

A B

C D
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of AdPo-based feature selection and ExCSP_Net-based soil quality forecasting enabled 
the model to capture complex relationships between input features and soil quality 
more effectively, resulting in a higher R2 value (Figure 4).

Figure 4. Error analysis of soil 
quality forecasting models based 
on A: mean absolute error (MAE); 
B: coefficient of determination (R2); 
C: root mean square error (RMSE).

A B

C

K-fold validation was performed to demonstrate the generalization capability of the 
proposed AdPo + ExCSP_Net model (Figure 5). In this approach, the dataset was 
partitioned into K mutually exclusive and equally sized folds. During each iteration, 
K−1 folds were used for training the model, while the remaining fold was utilized 
for validation. The proposed model demonstrated improved performance across all 
K-folds.
Confusion matrix analysis was performed to quantitatively evaluate the predictive 
performance of the proposed soil quality forecasting model (Figure 6). The confusion 
matrix metrics reflected the capability of the model to accurately identify soil quality 
classes while minimizing incorrect predictions, validating the effectiveness of the 
AdPo-based feature selection approach and the ExCSP_Net architecture.
SHapley Additive exPlanations (SHAP) analysis was performed (Figure 7) to 
demonstrate the interpretability of the model by quantifying the contribution of each 
soil feature selected by the AdPo algorithm to soil quality prediction.
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Figure 5. K-fold cross-validation performance of the proposed Adaptive Parrot Optimization 
with Extended Cross Stage Pyramid Network (AdPo + ExCSP_Net) soil quality forecasting 
model.

Figure 6. Confusion matrix of the proposed Adaptive Parrot Optimization with Extended Cross 
Stage Pyramid Network (AdPo+ExCSP_Net) model for soil quality forecasting.
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The proposed AdPo+ExCSP_Net model achieved an accuracy of 98.58 %, which was 
2.61, 3.56, 6.78, 7.23, and 0.72 % higher than those obtained using the ISQP-DL, ANN, 
XGBoost, Random Forest, and proposed model without AdPo methods, respectively 
(Table 1). Similarly, the proposed method demonstrated improved performance across 
all evaluation metrics. Thus, the analysis portrays the superiority of the proposed 
AdPo-based feature selection and ExCSP_Net-based soil quality forecasting.

Figure 7. SHapley Additive exPlanations (SHAP)-based analysis of feature contributions in 
the proposed Adaptive Parrot Optimization with Extended Cross Stage Pyramid Network 
(AdPo+ExCSP_Net) model.

Table 1. Comparative performance evaluation of soil quality forecasting models based on the best 
obtained results.

Metrics/ 
Methods ISQP-DL ANN XGBoost Random 

Forest
Proposedmodel 
without AdPo

Proposed 
model

Accuracy 96.01 95.07 91.89 91.45 97.87 98.58
Recall 94.45 92.95 89.94 89.00 96.71 98.09

Precision 94.44 92.89 91.07 90.43 97.65 98.32
F-score 94.53 92.89 89.79 89.00 97.07 98.15
MAE 1.05 1.18 1.25 1.30 0.83 0.53
RMSE 1.11 1.38 1.50 1.83 0.98 0.65

R2 0.93 0.94 0.93 0.92 0.96 0.99

ISQP-DL: improved soil quality prediction-deep learning; ANN: artificial neural network; XGBoost: 
extreme gradient boosting; MAE: mean absolute error; RMSE: root mean square error; R²: coefficient 
of determination.
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CONCLUSIONS
This research introduced a new model for forecasting soil quality based on optimal 
feature selection and deep learning. The proposed Adaptive Parrot Optimization 
(AdPo) algorithm was designed to perform optimal feature selection from the 
preprocessed data. The AdPo algorithm enhanced the convergence rate for identifying 
the global optimal solution through the incorporation of an adaptive weighting 
strategy, obtaining efficient and non-redundant features.
Soil quality forecasting was performed using the proposed Extended Cross Stage 
Pyramid Network (ExCSP_Net) model. The developed framework improved 
forecasting performance through enhanced short and main paths capable of extracting 
spatial-temporal features with reduced computational complexity. The integration of 
AdPo with ExCSP_Net demonstrated the effectiveness of combining optimal feature 
selection with deep learning for accurate soil quality forecasting and sustainable 
agricultural management. Despite the promising performance of the proposed 
framework, the computational burden remains a limitation. Therefore, future 
research will focus on the development of a lightweight model to further improve 
computational efficiency and practical applicability.
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ABSTRACT
Drought prediction is crucial for water resource management, agriculture, and climate adaptation 
in arid and semi-arid regions such as Zacatecas, Mexico. This study evaluates the advanced neural 
network architectures Long Short-Term Memory (LSTM), Vanilla Transformer, and Informer, 
for forecasting the Standardized Precipitation Index (SPI) using monthly precipitation data from 
1964–2020 collected at 31 weather stations. SPI series were clustered into four regional climate 
zones. Models were implemented using the Nixtla NeuralForecast framework, and performance 
was assessed with Mean Absolute Error (MAE), Mean Squared Error (MSE), Root Mean 
Squared Error (RMSE), and Diebold-Mariano signifi cance tests. The Informer model achieved 
the highest predictive accuracy, reducing average MSE by approximately 15 % relative to LSTM 
and consistently outper-forming the Vanilla Transformer in most regions. Statistical testing 
confi rmed regional diff erences in model performance, suggesting that an adaptive, region-
specifi c modeling approach is optimal for drought forecasting. These results demonstrate the 
robustness, effi  ciency, and transferability of Transformer-based models, particularly Informer, 
for operational drought monitoring under variable climatic conditions.

Keywords: Nixtla, Informer, Long Short-Term Memory, time-series, Standardized Precipitation 
Index, drought.

INTRODUCTION
Climate change poses a serious threat to global water resources. As the Earth’s surface 
continues to warm, the future dynamics of precipitation and their eff ects on regional 
rainfall patt erns remain uncertain (Ferreira et al., 2018). Furthermore, fl uctuations 
in water availability, particularly the risk of future shortages, can adversely aff ect 
hydroelectric generation and agricultural operations (Karmalkar et al., 2011). Because 
historical rainfall and drought records are organized as time series, forecasting these 
variables represents an important challenge.
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Time-series forecasting has been applied across numerous domains in which 
anticipating future trends based on historical data is essential. Key sectors benefi ting 
from this approach include fi nance and economics (Siami-Namini and Namin, 2018), 
energy (Liu et al., 2023), healthcare (Kaushik et al., 2020), retail and e-commerce, 
manufacturing, and climate-related studies (Magallanes-Quintanar et al., 2022, 2024). 
In hydrology, for example, Long Short-Term Memory (LSTM) models have been 
successfully used for spatiotemporal forecasting of hydrological extremes, including 
drought events in river basins. Likewise, Transformer-based architectures have 
shown promise for national-scale drought forecasting across diverse climatic zones 
(Pathania and Gupta, 2025) and for hydrological drought prediction, with performance 
benchmarked against LSTM models (Amanambu et al., 2022).
In Mexico, droughts represent a signifi cant threat to both water and food security. 
This concern is supported by the numerous droughts documented throughout the 
country’s history (Florescano, 2000; García-Acosta et al., 2003), particularly in recent 
decades. For example, the most severe drought period of the last 70 years, in terms 
of its socio-economic impacts, occurred between 2011 and 2012. This event caused 
damage to approximately 1.5 million ha of cropland, the loss of more than 60 000 
head of catt le, agricultural losses exceeding MXN 16 billion (approximately USD 1.3 
billion), and widespread water shortages aff ecting up to 70 % of the national territory 
(Arreguín-Cortés et al., 2016).
Various methodologies have been developed to evaluate drought conditions, among 
which the Standardized Precipitation Index (SPI) is widely recognized for its simplicity 
and eff ectiveness in classifying climate regimes based on deviations in precipitation 
from long-term averages (McKee et al., 1993). Its exclusive reliance on precipitation 
time-series data contributes to its versatility and reliability for drought assessment 
across diverse temporal and geographic sett ings, particularly in vulnerable regions 
such as Mexico (Mahfouz et al., 2016). Building on this established utility, the 
present study applies SPI to evaluate drought conditions in Zacatecas, north-central 
Mexico, and provides a foundation for advanced forecasting using neural network 
architectures. The National Water Commission (CONAGUA) serves as the offi  cial 
body responsible for declaring drought conditions. This is accomplished through the 
Mexico Drought Monitor, which evaluates various drought parameters, including 
the SPI, the percentage of normal rainfall anomaly, and the vegetation health index, 
among others (Esquivel-Saenz et al., 2024).
In the context of climate change, the emergence of artifi cial intelligence (AI) models 
for drought prediction represents a substantial advance, refl ecting their eff ectiveness 
and accuracy in drought assessment. In recent years, innovations in machine learning 
have led to remarkable improvements in operational effi  ciency, predictive accuracy, 
and accessibility. Notable examples include the development of att ention-based 
architectures such as the Transformer (Vaswani et al., 2017) and its time-series-
optimized variants (Su et al., 2025), the emergence of automated machine learning 
(AutoML) frameworks that reduce the need for manual hyperparameter tuning by 
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automating model selection and optimization processes (He et al., 2021), and the 
availability of open-source libraries such as NeuralForecast (Olivares et al., 2022), 
which lower barriers to the deployment of state-of-the-art neural forecasting models. 
These advances have enhanced the utility of AI methods for hydrological data analysis.
Neural networks are widely recognized as an eff ective approach for data-driven 
learning and have demonstrated considerable success in modelling and forecasting 
nonlinear time series across multiple disciplines, particularly in water resources 
and hydrology (Ali et al., 2017). Models based on artifi cial neural networks (ANNs), 
particularly LSTM networks, have emerged as robust data-driven tools for forecasting 
monthly SPI values (Soh et al., 2018). Despite these advances, no studies have explored 
the integration of SPI and Transformer models in Mexico, particularly in arid and 
semi-arid regions such as Zacatecas, highlighting the novelty of the present research.
The Transformer model was originally developed to leverage att ention mechanisms 
for the effi  cient modelling of sequential data, addressing key challenges in sequence 
learning for natural language processing tasks such as machine translation (Vaswani 
et al., 2017). More recently, Transformer-based architectures have demonstrated 
exceptional performance across a wide range of domains, including computer vision, 
speech processing, multimodal learning, reinforcement learning, and time-series 
forecasting (Su et al., 2025). Notably, Transformer variants, including the Informer 
model, have been successfully applied in hydrometeorological studies for streamfl ow 
prediction (Demiray and Demir, 2024) and drought assessment using precipitation 
indices (Ghobadi et al., 2025), highlighting their considerable potential for forecasting 
SPI time series.
This study applied LSTM and Transformer-based models (Vanilla Transformer 
and Informer) to develop and implement artifi cial neural network architectures 
for forecasting the regional SPI. Based on the above, the following hypothesis was 
proposed: Transformer-based architectures (Vanilla Transformer and Informer) 
will outperform LSTM networks in the regional forecasting of the SPI in Zacatecas, 
Mexico, owing to their superior ability to capture long-range temporal dependencies 
in hydroclimatic time series.
Accordingly, the objectives of this study were to develop artifi cial neural network 
architectures based on LSTM and Transformer methodologies; apply these models 
to forecast the regional SPI; perform a systematic comparative evaluation of the 
predictive performance of LSTM and Transformer models across all study regions; 
and assess the statistical signifi cance of performance diff erences between the best-
performing model and the alternative approaches.

MATERIALS AND METHODS

Study region and datasets
In this study, 31 monthly rainfall time series from weather stations across the state of 
Zacatecas, Mexico (Figure 1), were analyzed. Monthly precipitation data for the period 
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1964–2020 were obtained from the network managed by the National Meteorological 
Service of Mexico. Prior to analysis, the datasets underwent a comprehensive quality-
control process to remove outliers, correct missing or erroneous entries, and verify 
temporal consistency through homogeneity tests designed to detect shifts in seasonal 
variability. The Pett itt  test was applied to identify abrupt change points in the mean 

Figure 1. Geographic distribution of meteorological stations in Zacatecas, Mexico, and regional 
classifi cation derived from cluster analysis. Colors represent Cluster I (Semi-arid, red), Cluster 
II (Highplain, blue), Cluster III (Mountains, green), and Cluster IV (Canyons, black).
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of each series, while the Standard Normal Homogeneity Test (SNHT) was used to 
detect step changes potentially associated with station relocations or instrument 
replacement. All 31 series were retained for the 1964–2020 period. In the few cases 
where isolated missing values were identifi ed (representing less than 5 % of the records 
in any series), imputation was performed by linear interpolation using data from 
neighboring stations, following standard procedures for rainfall data reconstruction 
in hydrological studies (Navarro-Céspedes et al., 2023).

Standardized precipitation index (SPI)
In this study, the SPI was calculated using monthly rainfall data from 31 weather 
stations across Zacatecas, Mexico, spanning the period 1964–2020. The datasets were 
rigorously cleaned and validated prior to analysis. This methodology facilitates the 
assessment of precipitation anomalies by comparing observed values with long-term 
regional averages at specifi c locations and time scales. Following the methodology 
described by Koudahe et al. (2017), SPI computation proceeded through the following 
steps.
Monthly rainfall data were fi tt ed to a gamma distribution, whose probability density 
function is defi ned as:

 

where g(x) is the probability density function, α is the shape parameter (α > 0), and β 
is the scale parameter (β > 0). The gamma function is defi ned as:

 

The parameters α and β are estimated as follows:

 

 

 

 

 

where n is the number of precipitation observations and x  is the arithmetic mean over 
the time scale of interest.
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The cumulative probability G(x) of an observed amount of rainfall for a given month 
and time scale is obtained by integrating the probability density function:

By substituting ,  the equation can be expressed as the incomplete gamma 
function:

Nevertheless, the gamma distribution function is undefi ned for x = 0 and q = P(x = 0) > 
0; where P(x = 0) is the probability of zero precipitation. Hence, the actual probability 
of non-exceedance H(x) should be calculated as follows:

 

where H(x) is the actual probability of non-exceedance and q the probability of x = 0. If 
m is zero in a sample of size n, then q is estimated as:

 

Finally, to calculate the SPI, the cumulative probability distribution H(x) is transformed 
into a standard normal variable Z, with μ = 0 and σ = 1. The interpretation of wet 
and drought periods based on SPI values was established by McKee et al. (1993). For 
the purposes of this study, a drought event was operationally defi ned as a period 
during which the SPI-12 value remained continuously at or below -1.0 for at least 
two consecutive months, consistent with the moderate-to-extreme drought categories 
proposed by McKee et al. (1993) (Table 1). Events with SPI-12 values ≤ -2.0 were 
classifi ed as extreme drought.
SPI calculations incorporate multiple time scales because precipitation variability 
aff ects diff erent components of the hydrological cycle (Caloiero, 2017). The 12-month 
SPI is particularly suitable for evaluating drought impacts on aquifer recharge and 
groundwater levels. In this study, SPI values were calculated using a 12-month 
accumulation window with R software version 4.4.1 (R Core Team, 2024) and the 
Standardized Precipitation-Evapotranspiration Index (SPEI) package version 1.8.1 
(Beguería and Vicente-Serrano, 2017).
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Cluster analysis
Cluster analysis is a robust statistical technique widely used to identify homogeneous 
climate zones through the analysis of meteorological data. This method systematically 
categorizes observations according to their inherent characteristics and mutual 
relationships. Its primary objective is to group observations such that those within the 
same cluster exhibit high internal similarity while remaining distinct from those in 
other clusters. The eff ectiveness of the clustering process is enhanced by maximizing 
within-cluster homogeneity and between-cluster heterogeneity (Pampuch et al., 2023).
Among hierarchical clustering algorithms, Ward’s method was selected because of 
its proven effi  ciency and its tendency to produce compact, homogeneous clusters 
by minimizing total within-cluster variance. This characteristic makes it particularly 
suitable for identifying regional patt erns in SPI data. In Ward’s method, the distance 
between two clusters is defi ned as the increase in the total within-cluster sum of 
squares resulting from their merger.
In this study, a hierarchical tree-clustering algorithm was implemented to classify 
monthly SPI time series. The Canberra distance metric was selected as the linkage 
criterion because of its high sensitivity to relative variations near the origin, making it 
eff ective for identifying subtle diff erences in low-magnitude data (Lance and Williams, 
1967). Unlike Euclidean distance, which is primarily infl uenced by absolute diff erences 
and may be biased by high-precipitation events, the Canberra metric ensures that 
variations during dry periods, which are critical for drought characterization, receive 
appropriate weight. This property makes it a robust choice for the regionalization of 
arid and semi-arid climates. Cluster analysis was performed using R version 4.4.1, 
with the ape package used for hierarchical cluster construction and visualization 
(Paradis and Schliep, 2018).

Neural time series forecasting
Evidence from previous studies indicates that artifi cial neural networks (ANNs) 
may provide a more effi  cient solution than conventional statistical and econometric 
methods for modelling nonlinear time-series data (Farajzadeh et al., 2014). Among the 
techniques used for time-series forecasting, LSTM networks and convolutional neural 
networks have received particular att ention (Villegas-Vega et al., 2025).

Table 1. Classifi cation of we t and drought conditions based on the 
Standardized Precipitation Index (SPI) values.

SPI value Class

≥2.0 Extremely wet
1.5 to 1.99 Severely wet
1.0 to 1.49 Moderately wet

-0.99 to 0.99 Near normal
-1.49 to -0.99 Moderately dry
-1.99 to -1.49 Severely dry

≤ -2.0 Ex tremely dry
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Long Short-Term Memory Networks (LSTM)
LSTM networks were introduced by Hochreiter and Schmidhuber (1997) to address 
the diffi  culties encountered by Elman Recurrent Neural Networks in processing 
temporal patt erns within datasets. One of the principal advantages of LSTM networks 
is their ability to capture long-term temporal dependencies while remaining eff ective 
at identifying short-term patt erns. The architecture of an LSTM network and its 
information-processing pipeline (Figure 2) comprise three fundamental components: 
the input gate, the forget gate, and the output gate. These gates regulate the fl ow of 
information into, out of, and within the memory cell. Consequently, LSTM networks 
are capable of preserving temporal information across a wide range of time steps.

Figure 2. Schematic architecture and information fl ow of a Long Short-Term Memory (LSTM) unit.

 

 

 

 

 

where xt is the input at time step t, ht-1 is the hidden state from preceding time step, 
and σ represents a logistic sigmoid function. The weight matrices Wf, Wi, WC, and Wo, 
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together with the bias terms bf, bi, bc, and bo are model parameters learned during the 
training phase.

Transformer model
In 2017, Google introduced the Transformer model (Vaswani et al., 2017), which uses 
att ention mechanisms to process sequential data effi  ciently. The model was developed 
to address challenges associated with sequence-learning tasks in natural language 
processing, such as machine translation. It enables the transformation of an input 
sequence from one language domain into an output sequence in another.
The vanilla Transformer (Figure 3) follows the established architecture of neural 
sequence models and is based on an encoder-decoder framework (Vaswani et al., 
2017). Both the encoder and decoder are composed of multiple identical blocks. 
Each encoder block contains a multi-head self-att ention mechanism and a position-
wise feed-forward network, whereas each decoder block incorporates cross-att ention 

Figure 3. Architecture of the vanilla Transformer model (Vaswani et al., 2017).
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mechanisms between the multi-head self-att ention module and the position-wise 
feed-forward network.
If a segment of a time series is viewed as a sentence in one language and a subsequent 
segment as a sentence in another language, the multi-step forecasting problem can 
be reformulated as a sequence-learning task. Under this framework, the Transformer 
model is well suited for time-series forecasting. Following Vaswani et al. (2017), 
the core mathematical operations involved in processing time-series data with the 
Transformer model are described below.

Input representation. Time-series data are commonly represented as scalar- or vector-
valued sequences. An input sequence X of length T is defi ned as:

 

where xT is the input vector at time t, and d is the feature dimension.

To create an initial representation, input embeddings are combined with positional 
encoding to preserve temporal order:

where E(X) maps xT to a higher-dimensional space, and P is the positional encoding 
matrix.

Multi-head self-att ention. For each layer l, the self-att ention mechanism computes a 
weighted representation of the input:

 

where  are learned projection matrices, and Q, K, and V represent 
the query, key, and value matrices, respectively.

The att ention weights are computed as:

 

and the output of the self-att ention mechanism is:

O = AV

In multi-head att ention, several att ention heads are computed in parallel and 
subsequently concatenated and linearly projected:
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where h is the number of heads and  

Feedforward layer. Each layer contains a position-wise feed-forward network that is 
applied independently at each time step:

where

and W1, W2, b1, and b2 are learned weights and biases.

Layer normalization and residual connections. Both the self-att ention and feed-
forward modules are surrounded by residual connections and layer normalization:

 

Output representation. After L Transformer layers, the fi nal output is:

Time series specifi c adjustments. For forecasting and regression tasks, a prediction 
head is used to map the output sequence to the target variable:

 

For causal or autoregressive forecasting, a mask is applied to the att ention weights to 
prevent access to future observations:

 

Numerous variants of the Transformer architecture have been developed to address 
specifi c challenges in time-series modelling (Wen et al., 2023). These adaptations have 
demonstrated eff ectiveness in a wide range of applications, including classifi cation (Li 
et al., 2021), anomaly detection (Tuli et al., 2022), and forecasting (Li et al., 2019).
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In this study, LSTM (Hochreiter and Schmidhuber, 1997), Vanilla Transformer 
(Vaswani et al., 2017), and Informer (Zhou et al., 2021) models were implemented to 
forecast regional SPI time series derived from precipitation records collected across 
the state of Zacatecas, Mexico, during the period 1964–2020. Model development 
and implementation were carried out using the NeuralForecast library (Olivares et 
al., 2022), part of the Nixtlaverse ecosystem, which comprises a suite of open-source 
libraries designed to facilitate the development of accurate and computationally 
effi  cient neural forecasting models (Nixtla, 2025).

Forecasting performance
LSTM, Vanilla Transformer, and Informer models exhibit distinct strengths depending 
on the forecasting horizon. LSTM performs best in short- to medium-term forecasting 
and is particularly eff ective for one-step and recursive multi-step predictions. 
However, its ability to capture long-range temporal dependencies and perform 
direct multi-horizon forecasting is more limited. In contrast, the Vanilla Transformer 
is bett er suited to medium- and long-term forecasting because it can model global 
temporal dependencies and supports direct multi-horizon and sequence-to-sequence 
predictions. Although it often achieves greater accuracy over extended forecasting 
horizons, it generally requires larger datasets and greater computational resources.
The Informer model, a Transformer-based architecture optimized for effi  ciency, was 
specifi cally designed for long-term forecasting over extended sequences. By utilizing 
sparse att ention mechanisms, Informer achieves faster computation and improved 
performance in multi-horizon prediction, although it may be less effi  cient for relatively 
simple or short-term forecasting tasks. To evaluate the predictive performance of 
the LSTM, Vanilla Transformer, and Informer models, three standard error metrics 
were used: Mean Absolute Error (MAE), Mean Squared Error (MSE), and Root Mean 
Squared Error (RMSE).

 

 

 

where SPIo represents the observed SPI values and SPIp represents the corresponding 
predicted values. Lower values of MAE, MSE, and RMSE indicate bett er predictive 
performance.
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The Mean Absolute Error (MAE) measures the average absolute diff erence between 
predicted and observed values, providing an easily interpretable measure of overall 
model accuracy. Lower MAE values indicate smaller average errors and, consequently, 
greater predictive precision. The Mean Squared Error (MSE) represents the average 
squared diff erence between observed and predicted values, placing greater emphasis 
on larger errors and serving as a sensitive measure of model fi t. Lower MSE values 
indicate improved forecasting performance. The Root Mean Squared Error (RMSE), 
defi ned as the square root of MSE, expresses prediction errors in the original scale 
of the data. Like MSE, RMSE is sensitive to large deviations, while providing an 
interpretable measure of the typical magnitude of forecast errors when the model is 
unbiased (Su et al., 2025).
From a statistical perspective, the optimal model is the one that achieves the lowest 
MSE, RMSE, and MAE values among the candidate models. However, it is necessary 
to determine whether the superiority of this model is statistically signifi cant rather 
than a result of random variation. To address this, the Diebold-Mariano (DM) test 
was applied to evaluate whether diff erences in forecast accuracy between the best-
performing model and the alternative models were statistically signifi cant at the 5 % 
signifi cance level (p < 0.05).
When training multilayer neural networks, the available data are commonly divided 
into three subsets. The training set is used to compute gradients and update network 
weights and biases during the learning process. The validation set is used to monitor 
model performance and optimize hyperparameters throughout training. The test set 
serves as an independent benchmark for assessing the model’s ability to generalize 
to previously unseen data, thereby providing an unbiased evaluation of predictive 
performance.
In this study, the LSTM, Vanilla Transformer, and Informer models were trained using 
an SPI dataset consisting of 518 monthly observations, representing 80 % of the total 
sample. The remaining 130 observations (20 % of the data) were used for validation. In 
addition, an independent set of 12 observed SPI values was reserved as the test sample 
for evaluating predictive accuracy. This procedure was applied to each SPI time series 
corresponding to the regions identifi ed through the clustering process. The overall 
data workfl ow is illustrated (Figure 4).
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RESULTS AND DISCUSSION
The dataset initially consisted of 31 individual rainfall time series, from which the 
corresponding SPI time series were derived. Cluster analysis was subsequently 
applied to the complete SPI dataset, resulting in the identifi cation of four distinct 
regions (Semi-arid, Highplain, Mountains, and Canyons) characterized by similar SPI 
behavior and precipitation patt erns (Figure 5). The regional SPI time series associated 
with these regions were then used as inputs for predictive modelling with the LSTM, 
Vanilla Transformer, and Informer architectures. SPI values were obtained from the 
training, validation, and testing phases, together with the SPI predictions generated 
by the three models for each region (Figure 6). Model evaluation based on MAE, MSE, 
and RMSE showed that both Transformer-based models consistently achieved lower 
error values than the LSTM model across all regions (Table 2).
Examination of the observed SPI-12 time series across the four regions revealed 
several historically documented drought events in Zacatecas. Using the operational 
criterion (SPI-12 ≤ -1.0 for at least two consecutive months), notable drought episodes 
were identifi ed during 1994–1996, 2011–2012, and 2019–2020 in all regions, consistent 

Figure 4. Overview of the analytical workfl ow from precipitation data processing for Standard 
Precipitation Index (SPI) forecasting and model evaluation.
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Figure 5. Dendrogram of 31 Standardized Precipitation Index (SPI) time series from Zacatecas, 
Mexico, generated using hierarchical clustering with Canberra distance. Four regions were 
identifi ed: Cluster I, Semi-arid (red); Cluster II, Highplains (blue); Cluster III, Mountains (green); 
Cluster IV, Canyons (black).
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Table 2. Performance metrics of the neural forecasting models during the validation phase for regional 
Standardized Precipitation Index (SPI) time series belonging to the state of Zacatecas, Mexico.

Long Short-Term Memory Vanilla Transformer Informer

Region MSE RMSE MAE MSE RMSE MAE MSE RMSE MAE

Semi-arid 0.692 0.832 0.747 0.612 0.783 0.705 0.289 0.538 0.466
Highplain 0.314 0.560 0.474 0.228 0.478 0.405 0.214 0.462 0.403
Mountains 0.694 0.833 0.691 0.332 0.576 0.458 0.252 0.502 0.409
Canyons 0.589 0.767 0.713 0.791 0.890 0.813 0.488 0.698 0.631

Figure 6. Time series of the regional Standardized Precipitation Index (SPI) for the territory of Zacatecas, encompassing both 
observed and projected data, in the period from 1964 to 2020.
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with nationally documented drought events reported by Arreguín-Cortés et al. (2016). 
The Semi-arid and Canyons regions exhibited the most prolonged negative SPI-12 
episodes, indicating greater sensitivity to precipitation defi cits. The extreme drought 
of 2011–2012 (SPI-12 ≤ −2.0) was particularly severe in the Semi-arid and Highplain 
regions, consistent with the documented impacts on agricultural production and 
livestock in north-central Mexico.
The Informer model outperformed both the Vanilla Transformer and LSTM models 
across all evaluation metrics. For Mean Squared Error (MSE), the Informer achieved 
an average value of 0.311 across all regions, whereas the LSTM model recorded a 
higher average MSE of 0.572. A similar patt ern was observed for Root Mean Squared 
Error (RMSE), with the Informer att aining an average value of 0.538 compared with 
0.832 for the LSTM model. Mean Absolute Error (MAE) also supported the superior 
performance of the Informer, which achieved an average value of 0.477, compared 
with 0.656 for the LSTM model. Among the analyzed regions, the Highplain region 
exhibited the lowest MSE, RMSE, and MAE values, indicating the strongest predictive 
performance. In contrast, the Canyons region showed the highest error values across 
all metrics and, therefore, the lowest predictive accuracy.
The Diebold-Mariano (DM) test results provide a more comprehensive assessment 
of model performance beyond conventional accuracy metrics. Although the Informer 
model demonstrated strong overall performance, its superiority was not consistent 
across all climatic regions of Zacatecas (Table 3). Specifi cally, the Informer showed 
statistically signifi cant improvements over the Vanilla Transformer in the Semi-arid 
region, highlighting its eff ectiveness under conditions of low rainfall variability. 
However, in the Canyons and Mountains regions, the LSTM and Vanilla Transformer 

Table 3. Diebold-Mariano (DM) test statistics of the neural forecasting models 
during testing phase for regional Standardized Precipitation Index (SPI) time series 
for the state of Zacatecas, Mexico.

Informer vs Long Short-Term Memory
Region DM statistic p-value

Semi-arid 0.760 0.447
Highplains -1.554 0.120
Mountains -2.044 0.041
Canyons -2.822 0.005

Informer vs Vanilla Transformer
Region DM statistic p-value

Semi-arid -2.546 0.011
Highplains 0.553 0.580
Mountains -4.911 0.000
Canyons -2.672 0.008
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models achieved bett er performance than the Informer. These results suggest that 
forecasting accuracy is context-dependent and infl uenced by regional climatic 
variability.
Forecasting the SPI directly from historical SPI time series, rather than forecasting 
precipitation and subsequently calculating SPI, provides a streamlined and statistically 
robust approach that minimizes the error propagation associated with multi-step 
forecasting. Indirect approaches can accumulate uncertainty because precipitation 
forecast errors propagate through the gamma-distribution fi tt ing and parameter-
estimation stages required for SPI calculation. Previous studies have shown that these 
compounding errors can alter drought classifi cation by more than 0.2 SPI units in 
semi-arid environments (Zuo et al., 2022). In the present study, direct SPI forecasting 
using the Informer model produced low error values, with MAE ranging from 0.214 
to 0.487, demonstrating both high predictive accuracy and computational effi  ciency 
while avoiding the accumulation of biases associated with precipitation-based 
forecasting approaches.
Furthermore, machine learning models, including neural networks and LSTM 
architectures, have demonstrated superior performance and generalization when 
trained on SPI values rather than raw precipitation data. This advantage arises from 
the normalized and statistically stable properties of SPI, which reduce the noise and 
variability inherent in precipitation records, thereby facilitating more robust learning 
and improving forecast consistency (Docheshmeh Gorgij et al., 2021).
Direct SPI forecasting is increasingly being incorporated into operational applications, 
including agricultural advisory services, drought preparedness programs, and 
governmental policy frameworks, particularly in regions with established early 
warning systems. Prominent examples include the National Drought Mitigation 
Center, the U.S. Drought Monitor, and the Global Drought Preparedness Network. 
Although many operational platforms continue to rely on SPI values derived from 
observed or forecasted precipitation, there is a growing trend toward the integration of 
direct SPI forecasts, particularly those generated using machine learning and seasonal 
climate prediction models. In addition, SPI-based forecasting facilitates integration 
with large-scale climatic drivers, such as El Niño-Southern Oscillation, and seasonal 
prediction systems (Hao et al., 2018). Collectively, these advantages support the 
increasing preference for SPI-based drought forecasting over approaches based solely 
on precipitation modelling.
LSTM networks are widely used for time-series forecasting because of their ability 
to capture long-term temporal dependencies while preserving short-term patt erns 
(Villegas-Vega et al., 2025). Nevertheless, this architecture presents certain limitations. 
Traditional Multilayer Perceptron (MLP) neural networks, for example, are unable 
to adequately represent the sequential structure inherent in time-series data, often 
leading to reduced predictive accuracy (Farajzadeh et al., 2014). In contrast, Transformer 
models use a sequence-to-sequence architecture that provides the fl exibility required 
to address complex sequence-learning tasks. By incorporating att ention mechanisms, 
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Transformer-based approaches can effi  ciently identify and retain long-range 
dependencies within sequences (Lezmi and Xu, 2023), including those present in SPI 
time series.
The results obtained indicate that both Transformer-based models, particularly the 
Informer, achieved high predictive accuracy in forecasting the SPI across the regions of 
Zacatecas. The Informer model outperformed the Vanilla Transformer, likely because 
its sparse att ention mechanism more eff ectively captures long-range dependencies 
in extended SPI time series (1964–2020), a characteristic associated with the highly 
variable precipitation patt erns of the region. In addition, its computational effi  ciency 
and ability to focus on the most relevant temporal features make it particularly suitable 
for representing the complex climatic dynamics refl ected in SPI variability.
Overall, the Informer model demonstrated strong predictive accuracy for SPI 
forecasting based on the MSE, RMSE, and MAE evaluation metrics. Specifi cally, the 
Informer reduced the average MSE by approximately 15 % relative to the LSTM model, 
highlighting the magnitude of its performance improvement. This result refl ects the 
model’s ability to capture long-term dependencies and temporal variability within SPI 
data while maintaining computational effi  ciency.
The Informer model exhibited statistically signifi cant advantages over the Vanilla 
Transformer in the Semi-arid region, as confi rmed by signifi cance tests evaluating 
whether performance diff erences could be att ributed to random variation. In contrast, 
the results indicated that the LSTM and Vanilla Transformer models outperformed 
the Informer in the Canyons and Mountains regions. These fi ndings suggest that 
regional climatic heterogeneity infl uences model performance and that a regionalized 
model-selection strategy may improve drought forecasting accuracy. Specifi cally, 
the Informer may be more suitable for Semi-arid regions, whereas LSTM or Vanilla 
Transformer architectures may be preferable in more topographically complex areas. 
Such an approach could improve forecasting performance while strengthening 
drought preparedness and water-resource management eff orts across Zacatecas.
These fi ndings are consistent with previous studies that successfully applied artifi cial 
neural networks to forecast the monthly SPI (Magallanes-Quintanar et al., 2022, 
2024; Villegas-Vega et al., 2025). In addition, the present study extends the work of 
Giddings et al. (2005) by introducing a methodology capable of identifying smaller 
and more precise climatic regions in Mexico using SPI. This research contributes 
to the international literature by adapting the Informer model to capture complex, 
region-specifi c precipitation dynamics and by providing a scalable and transferable 
framework for drought forecasting in other regions of the world.
Additionally, the Informer model implemented through the NeuralForecast framework 
(Olivares et al., 2022) represents a valuable and contemporary tool for time-series 
forecasting, including drought-related applications. Its combination of predictive 
accuracy, computational effi  ciency, and scalability makes it a promising approach 
for assessing climatic and agricultural risks associated with drought, particularly in 
arid and semi-arid regions that are increasingly aff ected by climate change-driven 
extremes.
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CONCLUSIONS
Drought prediction has become increasingly important in meteorology, hydrology, 
water resources management, and sustainable agriculture because of the growing 
dependence of human activities on reliable water supplies. To address this challenge, 
artifi cial intelligence models based on the Long Short-Term Memory (LSTM), Vanilla 
Transformer, and Informer architectures were developed to forecast four monthly 
Standardized Precipitation Index (SPI) time series representing regional conditions 
across Zacatecas, Mexico. According to the evaluation metrics, the Informer model 
achieved the highest predictive performance across all study regions, reducing 
the average MSE by approximately 15 % relative to the LSTM model and showing 
comparable improvements over the Vanilla Transformer. These results were supported 
by the Diebold-Mariano test. However, additional signifi cance tests suggest that 
a regionalized model-selection strategy, using the Informer in semi-arid regions 
and LSTM or Transformer models in more complex terrains, may further improve 
forecasting accuracy and reliability.
In the context of climate change, accurate SPI forecasting with the Informer model 
has considerable potential to enhance water-resource management in Zacatecas. As 
precipitation patt erns become increasingly variable, reliable SPI forecasts can support 
proactive drought mitigation, improve agricultural planning, and contribute to 
sustainable water management. The model’s ability to capture long-term dependencies 
within the 1964–2020 dataset highlights its applicability for decision-making in semi-
arid and mountainous regions aff ected by persistent climatic variability.
Future research should evaluate the incorporation of additional climatological 
variables, such as temperature, evapotranspiration, and large-scale climate indices 
(e.g., El Niño-Southern Oscillation), to further improve SPI forecasting performance. 
These studies should also be extended to other climatic sett ings, including extreme 
drought periods beyond 2020 and contrasting environments such as tropical and 
coastal regions, to assess the robustness, adaptability, and generalizability of the 
proposed approach across diverse climate regimes.
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ABSTRACT
In the state of Tabasco, there are nine species of freshwater turtles, all of which have a 
conservation status under NOM-059-SEMARNAT-2010. An alternative for the recovery of these 
populations is management for their conservation. This study characterized freshwater turtles 
in captivity at División Académica Multidisciplinaria de los Ríos (DAMR), in the municipality 
of Tenosique de Pino Suárez, Tabasco, Mexico, as part of the evaluation of their potential for 
reproduction and management within a Management Unit for Wildlife Conservation (UMA). 
The species under study were the Mesoamerican slider (Trachemys venusta), the furrowed wood 
turtle (Rhinoclemmys areolata), and the Tabasco mud turtle (Kinosternon leucostomum). Body 
measurements were taken, and physical characteristics were evaluated using a pre-established 
form. The turtles were marked using an adaptation of the Cagle (1939) method. A total of 113 
individuals were analyzed: 76 furrowed wood turtles, 32 sliders, and five Tabasco mud turtles, 
with densities of 0.751, 0.316, and 0.049 individuals per m2, respectively. The sliders presented 
a shell length-weight (SL-P) ratio of P = 0.1935SL2.8195 and a female-to-male sex ratio of 1:1.8. The 
Mesoamerican sliders displayed a SL-P ratio of P = 0.1325SL2.9222 and a sex ratio of 1.2:1. The 
Tabasco mud turtle presented a ratio of P = 0.5159SL2.3777 and a sex ratio of 4:1. The prevalence 
of physical conditions was evaluated for each species and for the total number of turtles, 
where 42 % (n = 47) presented a good condition and 58 % (n = 66) displayed irregular physical 
characteristics. In the latter, the highest percentage of findings corresponded to erosion of the 
shell and plastron, while the least observed were malformation of the mouth and loss of eyes. 
Data analysis suggests that conditions are suitable for species conservation and for completing 
the necessary procedures to establish a UMA in the future.

Keywords: body biometrics, tagging, population density, UMA potential, captivity, Trachemys 
venusta, Rhinoclemmys areolata, Kinosternon leucostomum.
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INTRODUCTION
Mexico, with its large abundance of species, marine and terrestrial ecosystems, and 
genetic resources, and harboring nearly 70 % of the variety of plants and animals 
on the planet, is ranked fifth among the 12 megadiverse countries in the world 
(SEMARNAT, 2018). However, a point of no return has been reached in the loss of 
terrestrial and marine biodiversity due to the absence of places in the Earth’s biosphere 
without human footprints (Venter et al., 2016). In the search for solutions to minimize 
these effects, two correlated activities stand out: economic profitability based on the 
sustainable use of wildlife and the long-term conservation of species (Hernández-
Silva et al., 2018).
By contrast, one of the most significant and growing problems in our country is the 
illegal trafficking of wildlife, which produces an incalculable environmental imbalance 
due to the lack of strategies to minimize this crime (Van Uhm, 2016; Arroyo-Quiroz 
and Wyatt, 2019). Wild animals are captured to be used as raw materials in the fashion 
industry, to be sold as pets, for consumption, and for alleged medicinal properties, 
beliefs, and aphrodisiacs (Quevans et al., 2013). Freshwater turtles in southeastern 
Mexico are intensely exploited as a food resource, as they are part of local culture and 
tradition, although their populations have been drastically reduced due to additional 
factors such as environmental contamination, deforestation, urbanization, and cattle 
breeding (Tellería, 2013).
Turtles are reptiles that belong to the order Testudines, anatomically unmistakable due 
to the presence of a dorsal shell and a bony ventral plastron, which provide protection 
against predators and climatic pressures. Continental turtles in Mexico are among the 
most diverse in the world (Cázares-Hernández, 2015). In Tabasco, they are part of the 
biotic heritage and have coexisted with local populations since ancient times. These 
communities value and appreciate them both for their nutritional importance and as 
part of their cultural heritage (Beauregard-Solís et al., 2010).
Tabasco has nine species of freshwater turtles, including the Central American river 
turtle (Dermatemys mawii), the Mesoamerican slider (Trachemys venusta), the giant 
musk turtle (Staurotypus triporcatus), the Central American snapping turtle (Chelydra 
rossignoni), the narrow-bridged musk turtle (Claudius angustatus), the furrowed wood 
turtle (Rhinoclemmys areolata), the white-lipped mud turtle (Kinosternon leucostomum), 
the Tabasco mud turtle (Kinosternon acutum), and the scorpion mud turtle (Kinosternon 
scorpioide cruentatum) (Beauregard-Solís et al., 2010). All these species have some 
conservation status under NOM-059-SEMARNAT-2010 (DOF, 2010).
Studies have been carried out in Tabasco on freshwater turtles, highlighting the 
evaluation of the physical condition of hickatees (Dermatemys mawii) and Mesoamerican 
sliders (Trachemys venusta) (Rangel-Mendoza and Weber, 2015). These investigations 
provide the basis for the implementation of wildlife conservation management in 
Mexico. In this context, four goals can be pursued: (1) maintain populations in a healthy 
state through monitoring, (2) increase populations through appropriate zootechnical 
practices, (3) enable sustainable use, and (4) control populations when they become 
harmful (Hernández-Silva et al., 2018).



Agrociencia 2026. DOI: https://doi.org/10.47163/agrociencia.v60i4.3317
Scientific Article 611

The physical condition of individuals is an integrative indicator of health; its 
evaluation is non-invasive and enables systematic monitoring of prevalence (the 
proportion of the population presenting an ailment or condition), which is useful 
for management decision-making. However, further studies are still needed on the 
physical characteristics, habitat conditions, conservation, and management of other 
chelonian species.
Therefore, the main goal of this investigation was to identify, classify, and determine 
the prevalence of physical ailments in freshwater turtles kept in captivity in Los 
Ríos region of the state of Tabasco, Mexico, to generate baseline information for a 
management plan. The biometric assessment and evaluation of the physical condition 
of the initial populations were considered crucial for developing the management 
plan based on species requirements, particularly for infrastructure design and animal 
welfare considerations.

MATERIALS AND METHODS

Study site
This study was carried out between November 2021 and April 2022 at División 
Académica Multidisciplinaria de los Ríos (DAMR), in the municipality of Tenosique 
de Pino Suárez, Tabasco, Mexico (17° 29´ 15.63” N, 91° 25´ 33.85” W), at an altitude 
of 25 m (Figure 1). This area is located near the Aquaculture Production Unit (UPA), 
under RNPA number 27092543, property of DAMR.

Figure 1. Geographic location of the study site in the municipality of Tenosique, Tabasco, 
Mexico.



Agrociencia 2026. DOI: https://doi.org/10.47163/agrociencia.v60i4.3317
Scientific Article 612

Identification of species and capture
Species identification was carried out following the taxonomic classification of Casas-
Andreu (1965) and the dichotomous keys described by Yvan et al. (1999) in the turtle 
identification manual of the Convention on International Trade in Endangered Species 
of Wild Flora and Fauna (CITES), as well as the updated identification guides for 
southeastern Mexico (Díaz-Gamboa et al., 2022). The physical characteristics of each 
species were determined based on color tones and the morphology of the shell, head, 
and size.
Turtles were captured manually in the area by picking them up from the underside of 
the shell, holding them with four fingers on the plastron, and the thumbs securing the 
carapace (Gallina and López-González, 2011).

Tagging and taking biometric data
Technical data sheets were prepared using predetermined forms that include 
marking criteria and records of physical characteristics similar to those used by 
the Management Units for Wildlife Conservation (UMAS). In the state of Tabasco, 
notable UMAs include the Conservation of Endangered Species (CICEA), within the 
Academic Division of Biological Sciences; the Tabasco State Government turtle farm; 
the Arca de Noé turtle farm; and the Arroyo Tabasquillo turtle farm. These data sheets 
are a fundamental part of the administrative process for the Ministry of Environment, 
Natural Resources and Fisheries (SEMARNAP) to develop a management plan aimed 
at the future establishment of a wildlife conservation and sustainable use management 
unit within the DAMR.
The turtles were marked using an adaptation of the Cagle (1939) method, which consists 
of marking each specimen with structured notches on the shell, enabling permanent 
identification of the individual. The notching was performed on the marginal scutes of 
each turtle’s shell using compact frame saws.
To obtain biometric data, a digital CGOLDENWALL scale with an accuracy of 0.1 g 
to 10 kg was used, along with a 100 cm flexible measuring tape; a binary table 45 cm 
in width, 1.1 m in length, and 70 cm in height for handling; and plastic containers 60 
cm in length, 40 cm in width, and 32 cm in height to place the turtles. A clipboard was 
also used to record data in the biometric forms. Minimum and maximum values, as 
well as averages and standard deviations, were calculated. The recorded variables 
included species, weight, sex, length, curved shell length (CSL), and curved shell 
width (CSW). Physical characteristics of the shell, plastron, head, eyes, limbs, and tail, 
such as hardness, malformation, curvature, presence of algae, wounds, mutilations, 
and edemas, as well as the behavior, were determined.

Proportion of sex by species
To assess the sex ratio of males to females within each species, the turtle tail and 
plastron characterization method was utilized (Eckert et al., 2000), following the next 
formula:
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P = a / b

where a is the number of females and b is the number of males (Chavarría-Pérez et al., 
2020)

Evaluation of the optimal and abnormal physical conditions
The prevalence of physical conditions, defined as the ratio of affected individuals to 
the total population and expressed as a percentage, was calculated for nine external 
physical conditions. These conditions include erosion of the shell and plastron; 
depressions and curvature; grooves, cracks, and notches; wounds on the shell, 
plastron, tail, and head; malformation and wounds of the nose; edema in the limbs; 
malformation of the mouth; and loss of eyes, all of which are indicators of poor health 
status (Rangel-Mendoza and Weber, 2015). For this study, the total turtle population 
was analyzed, and totals were subsequently calculated by species.

Population density
Population density is an indicator that helps measure the level of satisfaction of 
organisms with the space available for interaction with the surroundings and with 
other individuals. This factor reflects their condition of well-being, indicating whether 
the population is clustered or dispersed. It is expressed in individuals per square 
meter and is calculated using the following formula:

D = N / S

where D is density, N is population abundance, and S is the surface area it occupies 
(expressed in m2) (Mandujano-Rodríguez, 2011).

Length-weight ratio
The ratio between the curved shell length and the weight of the turtle was calculated 
using the formula proposed by Ricker (1975):

TW = aSLb

where TW is total weight (in grams), a is a regression constant equivalent to the 
condition factor, SL is shell length (in centimeters), and b is the growth coefficient of 
the regression.

RESULTS AND DISCUSSION

Identification of species, capturing and tagging
Three species of tropical freshwater turtles were identified (Rhinoclemmys areolata, 
Trachemys venusta, and Kinosternon leucostomum), which are among the nine species 
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recorded for the state of Tabasco (Beauregard-Solís et al., 2010) and are endemic to 
the Neotropics (Ippi and Flores, 2001). Within the facilities of DAMR, a total of 113 
individuals were recorded (Table 1).

Table 1. Composition and relative abundance of freshwater turtle species studied in Los Ríos region 
of Tabasco, Mexico.

Family Scientific name Common name n %

Emididae Trachemys venusta Central American slider 32 28
Geomydidae Rhinoclemmys areolata Furrowed wood turtle 76 67

Kinosternidae Kinosternon leucostomum Tabasco mud turtle  5  5

Analysis of biometric data of turtles 
The R. areolata population presented a curved shell length (CSL) of 14 to 21 cm (18.65 
± 1.67 cm). In this species, the CSL with the highest frequency was 20 cm, and the 
lowest was 14 cm. The weight range for this species varied from 377 to 1248 g (761.17 
± 207.02 g). These data are similar to those obtained in another species of the same 
family (R. pulcherrima), with measurements in females of 17.1–23.6 cm and weights of 
740–1870 g, while males presented lengths of 12.13–18.9 cm and weights of 240–690 g 
in captivity on the coast of Oaxaca (Rodríguez-Murcia et al., 2014).
Trachemys venusta presented CSL values ranging between 18 and 33 cm (23.12 ± 3.77 
cm). The most frequent CSL was 23 cm, while the least frequent were 20, 26, 27, and 33 
cm. The recorded weight ranged from 598 to 3242 g (1378.84 ± 686.57 g). This finding is 
consistent with descriptions reported in other studies, indicating shell lengths of up to 
38 cm and weights between 1 and 3 kg (Guevara-Chumacero et al., 2017), a maximum 
shell length of 48 cm and a maximum weight of 5 kg (Lesher-Gordillo, 2019), and 
lengths between 20 and 60 cm (Gómez-Aguilar et al., 2018).
The species K. leucostomum recorded CSL values between 13 and 17 cm (14.77 ± 
1.48 cm), with a weight interval of 226 to 478 g (318.22 ± 90.68 g). The highest CSL 
frequency recorded was 15 cm. The values for this species presented lower average 
length and weight (12.4 ± 1.52 cm and 273.3 ± 68.2 g) than those reported in another 
study conducted in Tabasco (Hernández-Guzmán et al., 2014). Similar records were 
reported in Ecuador and Colombia (Rodríguez-Murcia et al., 2014), with maximum 
shell lengths of 13.7 cm in females and 14.8 cm in males.

Sex ratio by species
The estimated sex ratio for R. areolata was 1:1.81 (female:male). These data are similar 
to those recorded in Mexico and Belize (Vogt et al., 2009), of 1:2 and 1:1.3, respectively. 
On the other hand, similar values have been reported for wild turtles in the Colombian 
Pacific region, as well as for R. melanosterna, with a ratio of 1:2.3 (Rengifo-Palacios et 
al., 2022).
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For T. venusta, the sex ratio in this study was 1:1.28 (female:male). This differs from 
that reported for Trachemys scripta elegans in Spain, where the proportion is 9:1 (Patiño-
Martínez and Marco, 2005). This suggests that sex ratios in turtles, both in the wild and 
in captivity, can vary.
In K. leucostomum, the sex ratio was 4:1 (female:male), differing from that recorded 
for wild populations in Colombia (1:1.75) (Rodríguez-Murcia et al., 2014). In another 
species of the same family (Kinosternon scorpioides), a ratio of 1:1.6 has been reported in 
Costa Rica (Acuña-Mesén and Márquez, 1993). This difference is probably due to the 
low abundance of this species in the captivity area of the DAMR.

Evaluation of the physical conditions of the turtles
A total of 42 % (n = 47) of the turtles were recorded as having optimal physical 
conditions, while 58 % (n = 66) presented irregular physical characteristics. The most 
prevalent condition was erosion of the shell and plastron, with 17 % (n = 19), whereas 
the least prevalent were malformations of the mouth and loss of eyes, with 1 % (n = 1) 
each (Figure 2). 

Figure 2. Prevalence of physical conditions in the total freshwater turtle population studied in 
Los Ríos region of Tabasco, Mexico.

The physical conditions observed in the analyzed individuals indicate that just over 
half present alterations related to confinement. Lesions on the shell and plastron 
showed a prevalence of 17 %, a recurring value in organisms under management and 
lower than that recorded for other species such as Dermatemys mawii in the Arca de 
Noé turtle farm (90 %), the Tabasco State Government turtle farm (55 %), and the 
Arroyo Tabasquillo turtle farm (75 %) (Rangel-Mendoza and Weber, 2015).
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For the species Rhinoclemmys areolata (n = 76), 33 % (n = 25) presented optimal physical 
conditions, while 67 % (n = 51) showed irregular characteristics; the most prevalent 
were erosion of the shell and plastron, and the least frequent were malformations of 
the mouth and loss of eyes. This species presented the highest proportion of irregular 
physical conditions (Figure 3A). The limited available information on physical traits 
and the prevalence of abnormal conditions in R. areolata did not allow comparison with 
these results; however, there are studies on thermoregulatory behavior, temperament 
in captivity, and hematological parameters (Cassola et al., 2020) aimed at improving 
health status.

Figure 3. Species-specific prevalence of physical conditions in freshwater turtles from Los Ríos region of Tabasco, Mexico. A: 
Rhinoclemmys areolata; B: Trachemys venusta; C: Kinosternon leucostomum.

In T. venusta (n = 32), 62 % (n = 20) presented optimal conditions, while 38 % (n = 12) 
displayed irregular characteristics, highlighting erosion of the shell and plastron, as 
well as depression and curvature (Figure 3B). In K. leucostomum (n = 5), 40 % presented 
optimal physical conditions and 60 % showed irregular characteristics (Figure 3C). 
For this species, no studies were found on irregular physical characteristics and their 
prevalence that enable comparison of the observed degrees of impact.
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Rhinoclemmys areolata presented the highest prevalence of irregular physical 
conditions, mainly related to erosion and curvature of the shell and plastron (67 %, 
n = 51), compared with 38 % (n = 12) in T. venusta and 60 % (n = 3) in K. leucostomum. 
This may be related to the greater population density of this species or to nutritional 
deficiencies, such as vitamin and iron deficiencies (SEMARNAT, 2009). In addition, its 
more docile behavior and more terrestrial habits promote mechanical damage to the 
shell through contact with hard or artificial surfaces, which increases its vulnerability 
relative to the other species with which it shares its habitat, as it is less efficient for 
swimming or for remaining protected for prolonged periods in bodies of water (Vogt 
et al., 2009).
The wounds observed in these species, kept in a natural area with structural 
modifications, can be attributed to handling in captivity, water quality, habitat 
conditions, and terrestrial activities typical of these reptiles (courtship, mating, 
reproduction, and nesting) (Rangel-Mendoza and Weber, 2015).

Population density
The population density of the three turtle species was dispersed (Table 2). Regarding 
the density of turtles of the genus Rhinoclemmys in captivity, insufficient data were 
found in the scientific literature to enable a comparative analysis; however, regional 
and international references derived from master’s and doctoral theses are available. 
For comparison purposes, data for Rhinoclemmys nasuta in the wild indicate a density 
of 0.244 individuals per m2 (Giraldo et al., 2012), which is lower than that recorded for 
R. areolata in this study, although it was assessed over a larger area.
Based on this, researchers consider the population density of the three studied species 
adequate for their distribution area. Nevertheless, additional areas will be required in 
the future, as the current space is limited for reproduction, population growth, and the 
maintenance of a stable population.

Table 2. Population density and dispersion area of freshwater turtle species in Los Ríos region of 
Tabasco, Mexico.

Species Density (individuals per m2) Dispersion area (m2)

Trachemys venusta 0.316 3.16
Rhinoclemmys areolata 0.751 1.33

Kinosternon leucostomum 0.049 20.24

Length-weight ratio by species
Rhinoclemmys areolata presented a shell-weight ratio of P = 0.1935SL2.8195, with a 
coefficient of determination of R2 = 80.71 % (Figure 4A). Trachemys venusta showed 
a ratio of P = 0.1325SL2.9222, with R2 = 97.64 % (Figure 4B). Kinosternon leucostomum 
presented a ratio of P = 0.5159SL2.3777, with R2 = 83.95 % (Figure 4C).
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The freshwater turtles in the DAMR presented an adequate length–weight ratio, 
indicating uniform growth in length and weight. This behavior is explained by the 
model in approximately 80 % for R. areolata and K. leucostomum and in 90 % for T. 
venusta. These values differ from those reported for Rhinoclemmys nasuta in the 
Colombian Pacific, with 96 % (Giraldo et al., 2012). For T. venusta and K. leucostomum, 
no comparative data were found; however, both species display similar behavior in 
the model, indicating adequate growth conditions.

Figure 4. Species-specific shell length-weight (SL-W) ratio in captive freshwater turtles from Los Ríos region of Tabasco, 
Mexico. A: Rhinoclemmys areolata; B: Trachemys venusta; C: Kinosternon leucostomum.
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CONCLUSIONS
The freshwater turtles in captivity at División Académica Multidisciplinaria de los 
Ríos (DAMR) generally present adequate physical conditions for their management, 
as they fall within the parameters established in similar management systems in 
Tabasco, which have proven effective in maintaining reproductive and long-lived 
populations. Based on the analyzed data and the review of applicable regulations 
(General Wildlife Law and the Standard Management Plan), it is concluded that the 
studied population can be integrated into a conservation scheme and the potential 
establishment of a Management Unit for Wildlife Conservation (UMA), which would 
contribute to fulfilling the objectives of reproduction, research, and environmental 
education within the DAMR.
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