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Abstract

:

Growing degree days (GDDs) and leaf area index (LAI) greatly influence the growth and yield of many crops grown in arid regions. Therefore, variation in LAI due to GDD can provide a theoretical basis for predicting crop growth, water consumption, plant development, and yield in arid agriculture via the development of mathematical growth models. This study described the relationship between plant biomass production and variation in LAI due to GDD in arid regions under different types of irrigation (fresh water and saline water) and soils amended with different substances (manure+sandy soil, compost+sandy soil, clay+sandy soil, and sandy soil). Mathematical models for LAI were established for GDDs. In addition, different water quality irrigation techniques were used as independent variables to calculate the LAI of halophytic plants (Hedysarum scoparium) in arid regions under different soil amendment treatments. Furthermore, mathematical models for plant biomass production were developed by using the LAI and GDDs. For this purpose, Logistic, Gaussian, modified Gaussian, and Cubic polynomial models were used. Modified Gaussian and Cubic polynomial models are the best among all developed models, but Cubic polynomial models are more suitable among all developed models because of their simple quadratic equations that can be solved by using the first derivative. It was observed that with increased salt concentration in the irrigation water, the growth of per plant production decreased. However, soil amendments like manure and compost enhance salt tolerance against salt stress and enable plants to sustain their growth. Furthermore, Hedysarum scoparium attains maximum LAI when its GDD is about 1117.5 °C under both irrigation regimes and in all soil amendment treatments. It was concluded that these predicted mathematical models can provide crucial insights for enhancing production in arid regions by using eco-friendly soil amendments to improve water use efficiency across diverse types of water irrigation.
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1. Introduction


Fresh water scarcity and soil salinization are the main issues that restrict agriculture production in arid and semi-arid regions all over the world [1]. The primary reason for lower agricultural production in arid and semi-arid regions is the high evaporation rate caused by higher temperatures and lower rainfall [2]. Most arid regions have a large amount of underground saline water resources. These water resources have huge agricultural potential and can meet the water demands of the agricultural sector in arid regions [3]. These days, many researchers use saline water resources to grow many valuable crops such as wheat, cotton, and rice in arable land regions. They are investigating their responses in terms of yield, growth development, water use efficiency, and saline water effects on soil physical and chemical properties [4,5,6]. In arid regions, there is a lack of research on utilizing saline water resources for agricultural production due to higher temperatures and nutrient-deficient soil [7]. The soil conditions in arid and semi-arid regions are typically dry, with fewer nutrients and a sandy structure. Soil erosion and wind erosion contribute to restricting plant growth in arid regions because of degraded soil structure [8]. Limited research has explored the application of saline water for irrigating desert plants and halophyte plants in dry land regions. Certain studies have noted that, despite the minimal water quality needs of desert and halophyte flora, salt buildup resulting from saline water irrigation can hinder plant growth and, in severe cases, result in plant mortality [9,10]. Therefore, the crucial aspect of effectively utilizing saline water lies in mitigating the harm inflicted on plants due to salt accumulation in the soil.



Soil amendments are considered the most important and eco-friendly technique in arid and semi-arid regions to stabilize sandy soil and promote plant growth [11]. Soil amendments with organic and inorganic materials are helpful for improving soil properties and providing a favorable environment for plant development. Many organic and inorganic materials have been used as soil amendments, such as gravel, gypsum, and clay for inorganic materials, and biochar, manure, and compost for organic materials [12,13]. Among all these materials, clay, manure, and compost are considered eco-friendly and cast-effective soil amendments [14]. Despite this eco-friendly control of wind erosion by these soil amendment materials, they also enhance organic matter in the soil, increase water holding capacity, and reduce water infiltration [13]. However, the effects of these soil amendments on halophyte plant growth and development under saline conditions are still inadequate.



It is well established for many crops that yield and biomass growth are intricately linked to their leaf area index (LAI) [15]. The LAI significantly influences biomass accumulation and transpiration, while the partitioning of biomass affects yield. Additionally, LAI serves as a critical variable in various process models, such as evapotranspiration and canopy photosynthesis. LAI impacts the size of the plant–atmosphere interface. This role is crucial in the exchange of energy and mass between the canopy and the atmosphere [16]. During the initial stages of the growing season, LAI remains low and increases gradually. However, as the season progresses, LAI experiences a rapid increase, reaching its peak before the leaves begin to senesce and the plants reach physiological maturity [17]. Analyzing trends in LAI can offer valuable technical insights for simulating dynamic changes in biomass and yields. Several techniques have been developed to predict LAI, including crop simulation models and generic crop models [18,19,20].



For an ideal simulation model of LAI and biomass, several input parameters are necessary. The model should be grounded in the underlying physiological and phenological processes observed in real plants [21]. Two approaches to address this challenge are estimation methods and species-specific growth models [21]. Estimation methods rely either on remote sensing or direct measurements to assess LAI [22,23]. In contrast, species growth models are established on theoretical foundations, such as the Logistic model, Gompertz model, Richards model, and Chanter model [15,17,20]. These models utilize one or more parameters to represent physical properties and describe how population sizes and biomass evolve over time. The logistic model is a classic population model that has been extensively utilized for simulating population growth with a commendable level of accuracy [16,24].



Growing degree days (GDDs) are another crucial meteorological factor that influences various crop growth indices, including plant height, leaf area index, biomass, and harvest index [16,24,25,26,27]. GDDs use normalized logistic models for crops such as potato, winter wheat, summer maize, rice, and cotton, based on comprehensive studies across over 50 regions in China. These models utilized GDDs as a key variable to analyze crop growth dynamics.



Although the logistic growth model is effective in predicting plant growth during certain periods, its accuracy decreases when forecasting growth in the later stages and during periods of decline. To address this limitation, alternative mathematical models have been explored. These include the Gaussian model, Cubic polynomial model, modified Gaussian model, and Log-normal model, which offer improved accuracy in predicting plant growth across various stages [16,24]. However, it is worth noting that these models have primarily been developed and applied to crops such as cotton [28], wheat, sesbania, cluster bean [20], and maize [29] to anticipate growth under diverse environmental conditions. Meanwhile, there is a lack of studies examining the applicability of these models to halophyte plants in desert conditions.



Hedysarum scoparium Fisch. et Mey. is an important halophyte shrub species. It is extensively distributed in arid and semi-arid regions [30]. This species, characterized by its tall stature and spring flowering, can reach heights of up to 5 m [31]. The dispersal unit of Hedysarum scoparium is a large pod containing several seeds. It exhibits rapid growth and high resistance to drought, salinity, and temperature [32].



Hedysarum scoparium is valued for its economic and ecological significance, being used for livestock fodder, water and soil conservation, and sand dune stabilization [31].



The aim of this study was to develop and assess a method for simulating leaf area index (LAI) and biomass of Hedysarum scoparium, utilizing selected mathematical models under varied irrigation and soil amendment conditions. Additionally, the impact of various soil amendments on maximum LAI under different qualities of irrigation was investigated. The maximum fresh weight biomass per square meter (m2) was estimated using LAI based on Michaelis–Menten kinetics. Finally, a mathematical model for simulating Hedysarum scoparium biomass, incorporating LAI and GDD, was formulated under different soil amendment treatments.




2. Materials and Methods


2.1. Field Conditions


A field experiment was conducted at the Sindh Engro Coal Mining Company experimental site in Tharparkar, Block II, located 10 km away from Islamkot, Tharparkar, Sindh, Pakistan. The experiment spanned from 10 November 2023 to 13 March 2024. The experimental site experiences extreme weather conditions, characterized by long, hot summers, with maximum temperatures reaching nearly 48 °C, and short winters, with minimum temperatures dropping to nearly 8 °C. The experimental site’s annual precipitation is approximately 100 mm, with an annual evaporation rate of 2600 mm. The soil at the experimental site is predominantly dry sandy soil, with minimal nutrient content [20].




2.2. Experimental Design


Three types of soil amendment materials (manure, compost, and clay) were used in a completely randomized block design. Manure, compost, and clay were added to sandy soil in plots 2.6 m2 in size at a rate of 5.7 kg per plot. Each soil amendment treatment contained six replicates. Additionally, six plots consisted of sandy soil, serving as the control treatment. Seeds of the halophytic plant Hedysarum scoparium were sourced from China for experimental study in the Tharparkar of Pakistan. Carefully selected healthy seeds of equal size were planted in the experimental field, following a completely randomized block design with six replicates for each soil amendment treatment. Plant spacing was maintained at 0.3 m within plants and 0.2 m within rows of each plot. The experimental design and the location in the field have been depicted in Figure 1.



Before sowing the seeds, the field underwent preparation, which involved the application of urea fertilizer at a rate of 240 kg·ha−1, as recommended by studies [33]. During the germination and seedling establishment phase, fresh water was provided for a duration of 20 days. To assess the impact of saline water irrigation on the growth of Hedysarum scoparium, under soil amendment treatments, irrigation commenced 20 days after seed sowing. One set of these four soil amendment treatments with three replicates received saline water, while another group was irrigated with fresh water, serving as the control, also with three replicates for each soil amendment treatment. The physical and chemical properties of both fresh water and saline water used in the experiment are detailed in Table 1.



The irrigation process utilized a drip irrigation system, with a water meter installed on the primary irrigation pipeline to regulate both water and fertilizer application frequencies. Each emitter in the drip line was calibrated to discharge water at a rate of 3 L·h−1. During the watering cycles for both fully saline water irrigation and fresh water irrigation, the drip irrigation system operated for fifteen minutes each time, ensuring a consistent field watering rate of 6 mm·day−1.




2.3. Growth Trails


The leaf area of Hedysarum scoparium under saline water irrigation and fresh water irrigation for each soil amendment treatment was measured at 20-day intervals throughout the experiment. This was accomplished using measuring tape and Equation (1). The leaf area measurement started on 1 December 2023 and continued until 13 March 2024.


  LA =  Leaf   length    ×  Leaf   width  × 0.8  



(1)







Here, 0.8 is the conversion factor and LA is the leaf area.



Furthermore, we calculated the leaf area index (LAI) by using Equation (2).


  LAI =    L × LA   10.00 × d     



(2)







Here, L is the number of leaves per plant, LA is the average leaf area of each plant, and d is the area covered by per plant under one square meter (m2).



At the end of the experiment, three plants from each soil amendment treatment per replicate under both saline and fresh water treatments were harvested. Their fresh weights were measured using a weight balance [33,34,35].




2.4. Calculation of Growing Degree Days (GDDs)


The GDD value was calculated as the difference between average temperature (TAverage) and base temperature (TBase), as shown in Equation (3) [25].


  GDD =   ∑  i   T  Average , i   −  T  Base , i    



(3)






   T  Average   =  T  Max   +  T  Min   / 2  



(4)




where TAverage is the average daily temperature, as described in Equation (4). TBase is the lower limit temperature or base temperature that Hedysarum scoparium requires to grow, i.e., TBase = 12 °C in this study. On the other hand, the maximum upper limit of temperature (Tupper) that Hedysarum scoparium can bear without reducing its growth for this study is 35 °C.



TMax is the daily maximum temperature and TMin is the daily minimum temperature. If the TAverage value is higher than the Tupper limit, then Tupper is taken as the TAverage value. Conversely, if the TAverage value is below the TBase limit, then the TBase value is taken as the TAverage. This calculation method was proposed by the Food and Agriculture Organization (FAO) [36].




2.5. Leaf Area Index Growth Models


In this study, four different mathematical models, i.e., the Logistic model, the Gaussian model, the Cubic polynomial model, and the modified Gaussian model, were selected using the non-linear least squares method. These models were used to determine the change in LAI over GDD under different soil amendments and water qualities of irrigation treatments.



The logistic model is described in Equation (5) [37,38].


  LAI =      LAI  M    1 +  e  − .     GDD −   GDD  o   C            



(5)




where LAI is the leaf area index; LAIM is the maximum leaf area index; GDD is growing degree days;     GDD  o    and c are experience coefficients.



The Cubic polynomial model is described in Equation (6) [17].


  LAI =   LAI  M  + a × GDD + b ×   GDD  2  + c ×   GDD  3   



(6)




where a, b, and c are experience coefficients.



The Gaussian model with three parameters is described in Equation (7), and the modified Gaussian model is described in Equation (8) [17].


  LAI =   LAI  M  .  e    − 0.5 ·        GDD −   GDD  o   b      2       



(7)






  LAI =   LAI  M  .  e    − 0.5 ·          GDD −   GDD  o     b      d       



(8)




where b and d are experience coefficients.




2.6. Statistical Analysis


To assess the performance of these mathematical models, root mean square error, coefficient of determination, and relative error were utilized, as shown in Equations (9)–(11).


  RMSE =     ∑   j = 1      (  O j  −  Q j  ) 2  M      



(9)




where RMSE is the root mean square error, O is the measured values, Q is the predicted values, and M is the sample size.


   R 2  = 1 −      ∑   j = 1  n  (  O j  −  Q j  ) 2     ∑   j = 1  n  (  O j  −  Q  oj   ) 2     



(10)




where R2 is the coefficient of determination, and    Q o    is the mean value of measured values.


  Re =        ∑   j = 1  n  (  O j  −  Q j  ) 2     ∑   j = 1  n  (  Q j  ) 2         



(11)




where Re is the relative error.



SigmaPlot 14 was utilized to fit these different models using a genetic algorithm, while OriginPro 2021 was used for making figures.





3. Results and Discussion


3.1. Simulation of LAI Models Based on GDD


The dynamic changes in the LAI of Hedysarum scoparium over GDD were observed under various treatments of soil amendment and different qualities of water irrigation, as depicted in Figure 2. The LAI values in all soil amendment treatments were taken regularly, in 20-day intervals. In all soil amendment treatments, LAI under saline irrigation was smaller than under fresh water treatment, but these values were mostly non-significant. This indicates that Hedysarum scoparium, as a halophyte plant, showed its ability to maintain growth under stressful conditions [39]. LAI changed among all soil amendment treatments over the whole growing season, while LAI was higher under compost+sandy soil (Figure 2D), manure+sandy soil (Figure 2C), and clay+sandy soil (Figure 2B) as compared with sandy soil (Figure 2A) under different water quality treatments. This indicates that soil amendment materials enhance soil organic matter, increase soil water holding capacity, and reduce infiltration, thereby helping plants sustain their growth under saline conditions and varying temperatures [8,13,40,41]. LAI within all soil amendment treatments under different qualities of irrigation increased rapidly between 200 °C and 1200 °C, then decreased gradually between 1200 °C and 1400 °C, as shown in Figure 2. The maximum LAI was observed when GDD was about 1117.5 °C in all soil amendment treatments under different qualities of irrigation. Based on the results of LAI, GDD holds significant practical importance for the growth of many crops [20]. Researchers globally have extensively investigated crop growth using statistical methods and climate modeling techniques [41,42]. Climate variations have influenced the growth cycle of numerous crops, enhancing their growth. This underscores the significance of climate factors such as GDD in crop growth and development, emphasizing that the role of GDD in modeling studies should not be disregarded [42].



We have developed a straightforward method for normalizing the LAI values to streamline subsequent analyses. Normalization enables us to mitigate the influence of soil amendment treatments, as well as varying water quality treatments, on the dynamic LAI changes in Hedysarum scoparium [43]. Equation (12) was utilized for establishing this relationship.


  RLAI =    LAI     LAI  M      



(12)




where RLAI is the relative leaf area index. Table 2 shows the RLAI values of all soil amendment treatments under different qualities of irrigation water. The highest RLAI values were obtained in every soil amendment treatment at 1117.5 °C. Overall, the trend of RLAI values was similar in all soil amendment treatments; these results agree with the previous findings [17]. Consequently, mathematical RLAI models were developed using the mean RLAI values from all soil treatments and water treatments.



The mean RLAI values for different soil amendment treatments were fitted using various growth models. A genetic algorithm was employed to optimize the parameters of these models, and the resultant fitted models are illustrated in Figure 3 and Figure 4. These fitted models demonstrate good agreement with the observed RLAI values, particularly the late stable period and period of decline. Across all these fitted models, the correlation between observed and predicted values falls within 0.97 to 0.99.



Table 3 shows the fitted results of the experience parameters across the four models. Across all models, the coefficient of determination exceeds 0.97, and relative errors are below 5%. This indicates a strong alignment between the predicted results and the measured data across all soil amendment treatments, especially during the later growth phases [25,34]. The fitted results of this present study also agreed with the findings of cotton, grapes, sesbania, and cluster bean [15,20,25]. Among all models, the modified Gaussian model and Cubic polynomial model demonstrate superior accuracy compared to the other models. Cubic polynomial models are more suitable among all developed models due to their simple quadratic equations that can be solved by using their first derivative [44]. While the Cubic polynomial model is not able to explain the complex relationship between growth parameters [23], under these conditions, the modified Gaussian model is best under all soil amendment treatments.



Gaussian and modified Gaussian models containing exponential functions. The parameter GDD0 in the models represents the growing degree days at the maximum relative leaf area index (RLAImax = 1). The deviation between the values of LAIM in these two models under sandy soil treatment 0.99 and 0.001 and clay+sandy soil treatment is 0.98 and 0.90. Similarly, the manure+sandy soil treatment values are 0.97 and 0.70, and the compost+sandy soil treatment values are 0.99 and 0.56, respectively. It can be said, according to the results, that the predicted LAIM values are smaller than the measured values by using a modified Gaussian model. When using the Gaussian model, predicted LAIM values are larger than measured values. However, it is important to note that the absolute deviation of LAIM can serve as a measure of predictive accuracy, and in this regard, the modified Gaussian model outperforms the others, demonstrating the highest level of performance [20,23].



The number of parameters is highly sensitive and related to model flexibility and applicability [35]. An increased number of parameters can increase the applicability of the model, but the accuracy of the model decreased [45]. As shown in Table 3, the Cubic polynomial model and modified Gaussian model have four parameters, but the Logistic model and Gaussian model have only three parameters. It should be noted that a higher number of parameters makes results more complex [46]. Therefore, in situations where higher precision is not imperative, it is advisable to utilize Gaussian and Logistic growth models for predicting LAI of Hedysarum scoparium [47].




3.2. Relationship between Leaf Area Index and Water Quality under Soil Amendment Treatments


The maximum leaf area index (LAIM) is an important parameter when predicting LAI. Equations (5)–(8) describe the maximum leaf area index. Therefore, the value of these models depends on their ability to calculate LAIM quickly and easily [48]. However, it is crucial to acknowledge that the LAI is influenced by various factors such as temperature [49], soil conditions [50], GDD [4], irrigation practices [51], and water usage. In field experiments, certain parameters pose challenges for regular measurement. Therefore, the capability to estimate LAI using readily available data is crucial for enhancing the practical utility of the method in day-to-day operations. In this study, LAIM can be directly measured for Hedysarum scoparium plants when the GDD reaches 1117.5 °C across various soil amendment treatments and water quality conditions, as illustrated in Table 2. Additionally, saline water irrigation affects the growth of halophyte plants in their early growth stages. For this purpose, soil amendments help plants to sustain their growth under saline and high-temperature conditions [14,52]. Therefore, in this study, soil amendments play a significant role in the development of plant growth under saline conditions. The relationship between different water quality treatments and LAIM under different soil amendments can be determined using the data from this study, as shown in Figure 5.



It is very much clear by the expression that soil amendments take part in overcoming the saline water irrigation effects on the growth of Hedysarum scoparium plants. From Figure 5, we can observe a significant increase in LAIM in soil amendment treatments compared to sandy soil. Only two water treatments were used in this study, so the relationship between LAIM and water quality can be determined with a linear equation in all soil amendment treatments.


    LAI  M  = 4.99 − 0.107 × EC  



(13)






    LAI  M  = 5.62 − 0.107 × EC  



(14)






    LAI  M  = 6.47 − 0.07 × EC  



(15)






    LAI  M  = 6.83 − 0.03 × EC  



(16)







Equations (13) and (14) explain the relationship between sandy soil and clay+sandy soil. Furthermore, Equations (15) and (16) explain the relationship between manure+sandy soil and compost+sandy soil. EC is the electrical conductivity of water. The coefficient of determination in all four equations is 0.99.



Let


    LAI  M  = 0  











Then, the EC values of Equations (13)–(16) become:


  EC = 46.63   dS ·  m  − 1    



(17)






  EC = 52.62   dS ·  m  − 1    



(18)






  EC = 92.42   dS ·  m  − 1    



(19)






  EC = 227.66   dS ·  m  − 1    



(20)







Equations (17)–(20) show that soil amendments help the plant increase its salt tolerance [53].



If we manipulate Equations (12)–(16), then the leaf area index relationship for electrical conductivity and relative leaf area index for all soil amendments are described below in Equation (21) for sandy soil and (22) for clay+sandy. Similarly, Equations (23) and (24) represent those for manure+sandy and compost+sandy soil, respectively.


  LAI =    RLAI   ∗    ( 4.99 − 0.107 × EC )  



(21)






  LAI =  RLAI   ∗    5.62 − 0.107 × EC    



(22)






  LAI =  RLAI   ∗    6.47 − 0.07 × EC    



(23)






  LAI =  RLAI   ∗    6.83 − 0.03 × EC    



(24)







These LAI relationship findings agree with the findings of previous work [20,23,25]. Manipulating the models in Table 2 with Equations (21)–(24), the mathematical prediction model for LAI in all soil amendment treatments can be established. Therefore, the Logistic model for LAI in all soil amendments is given below:


  LAI =    1.13   1 +  e  − .     GDD − 473.44   330.24          ∗ ( 4.99 − 0.107 × EC )  



(25)






  LAI =    1.02   1 +  e  − .     GDD − 569.55   227.42          ∗   5.62 − 0.107 × EC    



(26)






  LAI =    1.03   1 +  e  − .     GDD − 564.45   232.42          ∗   6.47 − 0.07 × EC    



(27)






  LAI =    1.01   1 +  e  − .     GDD − 522.02   211.11          ∗   6.83 − 0.03 × EC    



(28)







Equations (25) and (26) explain the relationship between LAI, GDD, and different qualities of irrigation for sandy soil and clay+sandy soil. Furthermore, Equations (27) and (28) explain the relationship between LAI, GDD, and different qualities of irrigation for manure+sandy soil and compost+sandy soil. Figure 6 depicts the fitted results between measured and predicted values for the mathematical models, which exhibit the same trends as found in previous analyses [15]. The fitted results of RLAI within different soil amendments under different qualities of irrigation are shown in Table 3.



Figure 6 shows the fitted results between measured and predicted values of all models under different soil amendment treatments along with different qualities of irrigation. The R2 values in all soil amendment treatments are between 0.98 and 0.99. RMSE values and relative error (Re) values in all soil amendment treatments are below 1%. Modified Gaussian and Logistic models should be considered for calculating the leaf area index under different soil amendments in saline irrigation. These findings are consistent with previous research [17,23,29].




3.3. Mathematical Models for Biomass Production under Soil Amendments


Simulation data indicate a direct correlation between crop water productivity and plant biomass, with transpiration levels playing a crucial role. Crop water relationship or productivity can be estimated per unit of water transpired per plant biomass per unit area, i.e., g·m−2, kg·ha−1 [44]. The relationship between water productivity and plant biomass is mostly linear [45]. Figure 7 describes the relationship between plant biomass across different water quality treatments under various soil amendments.



The relationship between plant biomass (kg·m−2) under different qualities of water is linear because saline water creates a negative effect on plant growth.


  B = 6.74 − 0.46 × EC  



(29)






  B = 8.15 − 0.46 × EC  



(30)






  B = 10.46 − 0.35 × EC  



(31)






  B = 11.96 − 0.6 × EC  



(32)




where B indicates plant biomass production. Equations (29) and (30) explain the relationship between plant biomass and water quality irrigation for sandy soil and clay+sandy soil. Furthermore, Equations (31) and (32) explain the relationship for manure+sandy soil and compost+sandy soil.



If we manipulate Equations (25)–(32), the new equations are as follows:


  B = 6.74 − 0.46 ∗ {   1  0.107    ∗ (     1.13   1 +  e  − .     GDD − 473.44   330.24          ∗ 4.99 − LAI  ) }  



(33)






  B = 8.15 − 0.46 ∗ {    1  0.107    ∗ (     1.02   1 +  e  − .     GDD − 569.55   227.42          ∗ 5.62 − LAI  )  }  



(34)






  B = 10.46 − 0.35 ∗ {    1  0.07    ∗ (     1.03   1 +  e  − .     GDD − 564.45   232.42          ∗ 6.47 − LAI  )  }  



(35)






  B = 11.96 − 0.6 ∗ {   1  0.03    ∗ (     1.01   1 +  e  − .     GDD − 522.02   211.11          ∗ 6.83 − LAI  ) }  



(36)







Equations (33) and (34) explain the relationship between plant biomass, LAI, and GDD for sandy soil and clay+sandy soil by using the Logistic model. Furthermore, Equations (35) and (36) explain the relationship between plant biomass, LAI, and GDD for manure+sandy soil and compost+sandy soil by using the Logistic model. Relationships with other models between plant biomass, LAI, and GDD can be developed by using the same steps. GDD has a great influence on the growth of LAI, plant height, biomass production, and harvest index [54]. On the other hand, LAI has a significant influence on biomass production per plant. Therefore, in modeling studies, the effects of these parameters must not be ignored [55]. LAI is a critical factor in various models, such as evapotranspiration and canopy photosynthesis [56]. It plays a key role in the plant–atmosphere relationship by transferring energy and mass between the canopy and atmosphere [57]. In short, models developed with the help of LAI and GDD have a great impact on the prediction of biomass and other parameters. According to Figure 6, the modified Gaussian model and Cubic polynomial model are best for predicting LAI. Therefore, we can assume a similar trend will be found for biomass production, as these relationships were developed based on the interpretation of these equations.





4. Conclusions


In arid regions, fresh water scarcity, temperature variations, and poor nutrients in the soil always create negative effects on crop growth. In this study, we analyzed the response of LAI to climatic variables such as GDD under different qualities of irrigation along with various soil amendment treatments. The results indicate that LAI is mainly affected by GDD and saline water irrigation. The main conclusions of this study are given below:




	(a)

	
Soil amendments like manure+sandy soil and compost+sandy soil boost the growth of Hedysarum scoparium under saline water irrigation compared with sandy soil.




	(b)

	
Mathematical models between LAI and different water qualities of irrigation have been developed under different soil amendment treatments.




	(c)

	
The relationship between RLAI and GDD has been developed under different soil amendment treatments.




	(d)

	
Mathematical models between plant biomass production, GDD, and LAI have been developed under different water qualities of irrigation along with various soil amendment treatments.









It was concluded that these predicted mathematical models can provide crucial insights for enhancing production in arid regions. By using eco-friendly soil amendments, they improve water use efficiency across diverse irrigation water qualities.
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Figure 1. (A) Experimental design with treatments details and (B) experimental site. Note: SECME means Sindh Engro Coal Mining Company. Non-English words means Jamia Mosque. 
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Figure 2. Changes in leaf area index over growing degree days (GDDs) under different soil amendments and different water quality treatments. (A) represents sandy soil, (B) represents clay+sandy soil, (C) represents manure+sandy soil, and (D) represents compost+sandy soil. 
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Figure 3. Comparison between measured and predicted values of relative leaf area index (RLAI). (A) represents Logistic model under sandy soil, (B) represents Cubic polynomial model under sandy soil, (C) represents Gaussian model under sandy soil, and (D) represents modified Gaussian model under sandy soil. Similarly, (E) represents Logistic model under clay+sandy soil, (F) represents Cubic polynomial model under clay+sandy soil, (G) represents Gaussian model under clay+sandy soil, and (H) represents modified Gaussian model under clay+sandy soil. 
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Figure 4. Comparison between measured and predicted values of relative leaf area index (RLAI). (A) represents Logistic model under manure+sandy soil, (B) represents Cubic polynomial model under manure+sandy soil, (C) represents Gaussian model under manure+sandy soil, and (D) represents modified Gaussian model under manure+sandy soil. Similarly, (E) represents Logistic model under compost+sandy soil, (F) represents Cubic polynomial model under compost+sandy soil, (G) represents Gaussian model under compost+sandy soil, and (H) represents modified Gaussian model under compost+sandy soil. 
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Figure 5. Relationship between maximum leaf area index and water quality treatments under different soil amendments. Note: LAIM = maximum leaf area index. 
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Figure 6. Measured and predicted values of relative leaf area index by using models in Table 2. (A) represents Logistic model under sandy soil, (B) represents Cubic polynomial model under sandy soil, (C) represents Gaussian model under sandy soil, and (D) represents modified Gaussian model under sandy soil. (E) represents Logistic model under clay+sandy soil, (F) represents Cubic polynomial model under clay+sandy soil, (G) represents Gaussian model under clay+sandy soil, and (H) represents modified Gaussian model under clay+sandy soil. (I) represents Logistic model under manure+sandy soil, (J) represents Cubic polynomial model under manure+sandy soil, (K) represents Gaussian model under manure+sandy soil, and (L) represents modified Gaussian model under manure+sandy soil. Similarly, (M) represents Logistic model under compost+sandy soil, (N) represents Cubic polynomial model under compost+sandy soil, (O) represents Gaussian model under compost+sandy soil, and (P) represents modified Gaussian model under compost+sandy soil. 
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Figure 7. Relationship between plant biomass production and water quality irrigation under different soil amendment treatments. 
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Table 1. Water quality parameters.






Table 1. Water quality parameters.





	Water Quality
	EC

(dS·m−1)
	Total Dissolved Solids

(ppm)
	Nitrate

(ppm)
	Nitrite

(ppm)
	Chloride

(ppm)
	Fluoride

(ppm)
	Manganese

(ppm)





	Saline water
	4.368
	6240
	0.4
	0.002
	2231.03
	1.15
	0.006



	Fresh water
	0.357
	510
	0.4
	0.015
	196.75
	0.35
	0.006







Note: EC = electrical conductivity.













 





Table 2. Relative leaf area index values under soil amendment treatments along with different qualities of irrigation water.
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Soil Types

	
GDD

	
RLAI

	
Mean RLAI

	
Standard Deviation




	
Fresh Water

	
Saline Water






	
Sandy

	
181.5

	
0.154

	
0.165

	
0.159

	
0.008




	
374

	
0.475

	
0.420

	
0.447

	
0.038




	
554

	
0.645

	
0.603

	
0.624

	
0.029




	
746.5

	
0.821

	
0.805

	
0.813

	
0.011




	
932.5

	
0.870

	
0.900

	
0.885

	
0.021




	
1117.5

	
1

	
1

	
1

	
0




	
1297.5

	
0.939

	
0.960

	
0.949

	
0.015




	
Clay+Sandy

	
181.5

	
0.132

	
0.147

	
0.139

	
0.010




	
374

	
0.332

	
0.339

	
0.336

	
0.005




	
554

	
0.484

	
0.479

	
0.481

	
0.003




	
746.5

	
0.696

	
0.707

	
0.702

	
0.007




	
932.5

	
0.815

	
0.845

	
0.830

	
0.020




	
1117.5

	
1

	
1

	
1

	
0




	
1297.5

	
0.943

	
0.961

	
0.952

	
0.012




	
Manure+Sandy

	
181.5

	
0.129

	
0.134

	
0.132

	
0.0034




	
374

	
0.392

	
0.345

	
0.369

	
0.033




	
554

	
0.567

	
0.541

	
0.554

	
0.017




	
746.5

	
0.743

	
0.698

	
0.721

	
0.031




	
932.5

	
0.835

	
0.834

	
0.835

	
0.0005




	
1117.5

	
1

	
1

	
1

	
0




	
1297.5

	
0.953

	
0.927

	
0.940

	
0.018




	
Compost+Sandy

	
181.5

	
0.122

	
0.128

	
0.126

	
0.004




	
374

	
0.383

	
0.373

	
0.378

	
0.006




	
554

	
0.574

	
0.533

	
0.554

	
0.029




	
746.5

	
0.729

	
0.698

	
0.713

	
0.02




	
932.5

	
0.897

	
0.883

	
0.890

	
0.0100




	
1117.5

	
1

	
1

	
1

	
0




	
1297.5

	
0.966

	
0.958

	
0.962

	
0.005








Note: GDD = growing degree day, RLAI = relative leaf area index.













 





Table 3. Fitted values on the mathematical growth models along with error values.
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Soil Types

	
Expression

	
RE

%

	
RMSE

	
R2




	
Sandy




	
Logistic model

	
   RLAI =    1.13   1 +  e  − .     GDD − 473.44   330.24            

	
4.6

	
0.0054

	
0.99




	
Gaussian model

	
   RLAI = 0.99 ·  e    − 0.5 ·        GDD − 1112   550.34       2        

	
4.2

	
0.0037

	
0.97




	
Modified Gaussian model

	
   RLAI = 1.001 ·  e    − 0.5 ·          GDD − 1280.4     287.90        0.75         

	
3.3

	
0.0025

	
0.99




	
Cubic model

	
       RLAI = 0.06 + 2.23 ×   10   − 4   × GDD − 1.46 ×   10   − 7   ×   GDD  2        − 8.5 ×   10   − 10   ×   GDD  3        

	
3.7

	
0.0032

	
0.99




	
Clay+Sandy




	
Logistic model

	
   RLAI =    1.02   1 +  e  − .     GDD − 569.55   227.42            

	
4.4

	
0.0075

	
0.99




	
Gaussian model

	
   RLAI = 0.97 ·  e    − 0.5 ·        GDD − 1197.50   541.17       2        

	
3.1

	
0.0055

	
0.99




	
Modified Gaussian model

	
   RLAI = 0.90      .  e    − 0.5 ·          GDD − 1184.56     521.07        1.9         

	
1.5

	
0.0043

	
0.99




	
Cubic model

	
       RLAI = − 0.122 + 1.68 ×   10   − 3   × GDD − 5 ×   10   − 7   ×   GDD  2        − 1.16 ×   10   − 10   ×   GDD  3        

	
1.9

	
0.0049

	
0.99




	
Manure+Sandy




	
Logistic model

	
   RLAI =    1.03   1 +  e  − .     GDD − 564.45   232.42            

	
3.5

	
0.062

	
0.98




	
Gaussian model

	
   RLAI = 0.97 ·  e    − 0.5 ·        GDD − 1168.20   547.22       2        

	
2.1

	
0.057

	
0.98




	
Modified Gaussian model

	
   R LAI = 1.70 ·  e    − 0.5 ·          GDD − 1246.72     927.48        − 0.74         

	
1.5

	
0.032

	
0.99




	
Cubic model

	
       RLAI = − 0.04 + 9.01 ×   10   − 4   × GDD − 4.16 ×   10   − 7   ×   GDD  2        − 4.4 ×   10   − 10   ×   GDD  3        

	
1.9

	
0.047

	
0.99




	
Compost+Sandy




	
Logistic model

	
   RLAI =    1.01   1 +  e  − .     GDD − 522.02   211.11            

	
2.9

	
0.085

	
0.98




	
Gaussian model

	
   RLAI = 0.99 ·  e    − 0.5 ·        GDD − 1162.69   537.28       2        

	
2.1

	
0.071

	
0.98




	
Modified Gaussian model

	
   R LAI = 1.56 ·  e    − 0.5 ·          GDD − 1228.59     882.35        − 0.58         

	
1.3

	
0.051

	
0.99




	
Cubic model

	
       RLAI = − 0.04 + 9.22 ×   10   − 4   × GDD + 5.73 ×   10   − 7   ×   GDD  2        − 5.22 ×   10   − 10   ×   GDD  3        

	
1.7

	
0.058

	
0.99








Note: RMSE = root mean square error, R2 = coefficient of determination, Re = relative error.
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