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Abstract. Durian (Durio zibethinus), particularly the cultivars Monthong and Bawor, is a leading 

horticultural commodity with high economic value. Accurate leaf area estimation is essential for 

supporting physiological studies and plant growth modeling. However, conventional measurement 

methods are often characterized by their slow and destructive nature. This study aimed to analyze 

and identify the constant (k) values of the leaves of durian cultivars Monthong and Bawor using a 

digital image processing approach. A total of 40 leaf samples from each cultivar were analyzed. 

Image acquisition was performed using a smartphone camera, while image processing and leaf 

area measurement were conducted with the ImageJ software. The leaf constant was calculated as 

the ratio of the digitally measured leaf area to the product of manually measured leaf length and 

width. The results showed that the mean leaf constant for Monthong durian was 0.702, while for 

Bawor durian, it was 0.691. These results exhibited narrow value distributions, devoid of any 

outliers. The correlation between the measured and predicted leaf area yielded very high 

coefficients of determination (R² of 0.997 for cultivar Monthong and R² of 0.999 for cultivar 

Bawor). Further statistical evaluation confirmed that the predictive model had very high accuracy, 

evidenced by its low RMSE values (≤ 1.059), an NRMSE of 0.01, an NSE of at least 0.997, and a 

Willmott’s index of agreement (d) of at least 0.999. These results indicate that leaf constant values 

derived from digital image processing can generate precise leaf area estimates and offer a fast, 

efficient, and non-destructive alternative to conventional measurement methods. In practical 

terms, this approach enhances precision agriculture by enabling more accurate monitoring of leaf 

growth dynamics, which is essential for crop management and yield optimization. This finding 

presents opportunities for further application across other durian cultivars and the broader 

adoption of similar methods in other plant commodities within the context of precision agriculture 

and plant growth modeling. 

Keywords:  Durio zibethinus; leaf constant; leaf area; non-destructive estimation; precision 

agriculture. 

 

Type of the Paper: Regular Article. 
 

1. Introduction 

Durian (Durio zibethinus) is a prominent horticultural commodity in Southeast Asia [1], 

including Indonesia, renowned for its distinctive taste and aroma [2]. The demand for durian is 

increasing in both domestic and international markets [3], rendering the improvement of durian 

cultivation increasingly important. Among the numerous durian cultivars, Monthong and Bawor 

are the most widely cultivated due to their superior fruit quality, large size, and high economic 

value [4,5]. In their cultivation, effective management requires an understanding of morphological 
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characteristics [6,7], one of which is leaf morphology. 

Leaves are vital plant organs that function as the primary sites of photosynthesis and 

transpiration [8–10]. The correlation between leaf area and light absorption efficiency [11,12], 

plant growth rate [13,14], and the leaf area index (LAI) [15,16] is well documented. The leaf area 

index is a widely used metric in plant growth models. In order to support agronomic studies, a fast, 

practical, and accurate method for measuring leaf area is needed. One commonly used method is 

the Montgomery-based dimensional approach [17–19], which involves multiplying leaf length by 

leaf width and a correction factor known as the leaf constant (k). This constant represents a 

correction for shape differences between species and cultivars [20,21]. The method has gained a 

widespread popularity due to its simplicity, cost-effectiveness, and efficiency [22–24]. However, 

to ensure accurate results, it requires the use of an optimized correction factor [20,25]. 

Advancements in technology have led to the development of digital image processing as a 

method for measuring leaf morphometric characteristics. This method has been widely adopted 

due to its higher precision and non-destructive nature [18,26,27]. Previous studies have applied 

this method in the context of various crop species, reporting precision levels ranging from 99.95% 

to 100% in the measurement of leaf area for three apple cultivars [25]. Research has shown that 

digital image analysis is a viable method for determining constant values of the rambutan leaf and 

the water apple leaf [20]. However, to date, there is a lack of studies that have specifically 

addressed the determination of the constant of leaf of durian, especially the durian cultivars 

Monthong and Bawor. Considering the variation in leaf shape and size among durian cultivars, a 

specific measurement approach is essential for generating valid and accurate area estimates using 

the dimensional method. 

The research gap highlights the absence of cultivar-specific leaf constants for the durian 

cultivars Monthong and Bawor obtained through digital image-based methods. The availability of 

these constants is crucial to facilitate leaf area estimation at various observational scales, whether 

in field studies or advanced research in plant physiology [28,29] and growth modeling [30,31]. 

Moreover, there is a paucity of studies that have integrated image acquisition using accessible tools 

such as smartphones with high-accuracy data processing. 

Therefore, this study aims to analyze and identify the constant values of leaves from the 

durian cultivars Monthong and Bawor using digital image processing. The novelty of this study 

lies in the use of smartphone-based image acquisition, which is both low-cost and widely 

accessible, combined with open-source analytical software to produce accurate estimations of leaf 

area and leaf constants. The results of this study are expected to make significant contributions to 

the development of more efficient and applicable leaf morphometric methods for durian cultivation 

and research.  
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2. Materials and Methods 

2.1. Research Type and Location 

This study is a quantitative and comparative study conducted to identify and analyze the 

constant (k) values of leaves from Durio zibethinus cultivars Monthong and Bawor. The study was 

conducted at the Agrotechnology Laboratory, Faculty of Agriculture, University of Pekalongan. 

2.2. Sample and Tools 

A sample of durian leaves was collected from healthy, mature Monthong and Bawor durian 

plants cultivated in Pekalongan Regency, with 40 leaves obtained from each cultivar. The 

instruments used included a smartphone equipped with a 12-MP camera for image acquisition, a 

ruler, white background paper, a black reference object (5 × 5 cm), a laptop, and ImageJ software 

for image processing. 

2.3. Image Acquisition 

Each leaf was photographed using a smartphone camera positioned vertically at a fixed 

distance under controlled lighting using a softbox to ensure uniform illumination and reduce 

shadows and reflections. A black reference object was included in each image to serve as a scale 

for converting pixel units to area units (cm²) [18]. To enhance contrast during the image 

segmentation process, leaves were arranged in a flat configuration on a white background. 

2.4. Image Processing 

Image processing was conducted using ImageJ software [32], following the procedures 

developed by Al Ramadhani et al. [18]. The first step was image calibration, whereby a reference 

object was employed as a fixed scale to convert pixel units to square centimeters. The RGB images 

were then converted to grayscale and segmented using Otsu’s thresholding method. This method 

automatically determines the optimal threshold value to separate the leaf from the background, 

ensuring precise extraction of the leaf shape. Following the segmentation process, the actual leaf 

area was measured by calculating the number of pixels and subsequently converting the result into 

square centimeters (cm²) based on the calibration scale. To ensure the reliability of ImageJ in 

representing the “actual” area, calibration was cross-validated using a black square reference 

object with a known area of 25 cm2 (5 × 5 cm). The measured area obtained from ImageJ 

corresponded to the reference, confirming the accuracy of the digital measurement. Furthermore, 

leaf length and width were manually measured using a ruler with 0.5 mm accuracy to support the 

calculation of the leaf constant (k). The leaf constant was then calculated using the following 

formula (1) [18,20,25]. 

𝑘 =
𝐿𝐴

𝐿 ×𝑊
 

(1) 

Description: 

k : leaf constant                                                                     L : leaf length 

LA : actual leaf area (as determined by image analysis)         W : leaf width 
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2.5. Statistical Analysis 

The measured k values were analyzed in Microsoft Excel to obtain statistical metrics, 

including the mean, standard deviation, Q1, Q2 (median), Q3, minimum, and maximum values. 

These statistical outputs were presented in the form of a boxplot [20], as shown in Fig. 1. 

Median

Q1

Q3

Maximum

Minimum

Mean

Upper whisker

Lower whisker

 
Fig. 1. Boxplot 

To evaluate the performance of the leaf area prediction model based on the dimensional 

method (length × width × k), the predicted leaf area was compared with the actual area obtained 

from digital image analysis using ImageJ. This comparison aimed to assess the accuracy of leaf 

constant-based estimations. Statistical analyses were performed using the following indicators: 

coefficient of determination (R²), root mean square error (RMSE), normalized root mean square 

error (NRMSE), Nash–Sutcliffe efficiency (NSE), and Willmott’s index of agreement (d). The 

corresponding formulas are as follows (2–6). 

𝑅2 = [
∑(𝑂𝑖 − 𝑂̅) − (𝑃𝑖 − 𝑃̅)

(𝑂𝑖 − 𝑂̅) × ∑(𝑃𝑖 − 𝑃̅)
] (2) 

𝑅𝑀𝑆𝐸 = √
∑(𝑃𝑖 −𝑂𝑖)

𝑛
 (3) 

𝑁𝑅𝑀𝑆𝐸 =
1

𝑂̅
√
∑(𝑃𝑖 − 𝑂𝑖)

2

𝑛
× 100 

(4) 

𝑁𝑆𝐸 = 1 −
∑(𝑃𝑖 −𝑂𝑖)

2

∑(𝑂𝑖 − 𝑂̅)2
 

(5) 

𝑑 = 1 −
∑(𝑃𝑖 − 𝑂𝑖)

2

∑(|𝑃𝑖 − 𝑂̅| + |𝑂𝑖 − 𝑂̅|)2
 

(6) 

Description: 

𝑂𝑖 : observed data 

𝑂̅ : mean of the observed data 

𝑃𝑖  : predicted data  

𝑃̅ : mean of the predicted data  

𝑛 : number of data points 

𝑑 : index of agreement 
 

The coefficient of determination (R²) was used to assess the strength and linearity of the 

relationship between predicted and actual leaf area; a value approaching 1 indicates a very strong 

linear correlation [33,34]. The root mean square error (RMSE) quantifies the mean magnitude of 
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prediction error. A smaller RMSE value indicates a more accurate model [35,36]. The normalized 

root mean square error (NRMSE) is the RMSE normalized to the mean of actual values, providing 

a relative error measure in percentage terms [37,38]. The Nash–Sutcliffe efficiency (NSE) 

indicates the efficiency of a predictive model in comparison to the mean of observed values. 

Models with NSE values close to 1 are considered highly efficient [30,39]. Willmott’s index of 

agreement (d) is used to assess how closely predicted values match actual observations, with values 

approaching 1 denoting a high degree of agreement [18,30]. In general, a predictive model is 

considered to be accurate and reliable when R², NSE, and d are close to 1, while RMSE and 

NRMSE are close to zero. 

2.6.  Novelty in Method 

Contrary to the methodologies employed in previous studies that used scanners [25] or 

professional cameras [18,20], this study emphasizes the practicality of using a smartphone for 

image acquisition. This approach demonstrates that accurate leaf morphometric analysis can be 

conducted at low cost and is highly suitable for field conditions and rural applications. 

3. Results and Discussion 

The acquisition of leaf images was executed through the utilization of a smartphone camera, 

employing a contrasting background and a reference object as a scale. Fig. 2 illustrates the image 

acquisition and processing stages of Monthong and Bawor durian leaves, consisting of original 

RGB images and their segmentation results using thresholding methods. As illustrated in Fig. 2, 

the RGB images of Monthong and Bawor durian leaves were captured on a white background, 

with a fixed-size black reference object (5 × 5 cm, equal to 25 cm2) included in every image. This 

object served as a calibration scale, facilitating the conversion of pixel measurements into standard 

area units (cm2). The object's known dimensions also enabled the verification of ImageJ 

measurement accuracy. 

The segmentation process was implemented to isolate the leaf object from the background 

using Otsu’s automatic thresholding method, as shown in Fig. 2. This method automatically 

calculates the optimal threshold value based on image histogram distribution, making it robust 

against minor variations in brightness. Furthermore, the use of a softbox during the image 

acquisition process mitigated lighting inconsistencies, thereby ensuring uniform conditions for 

segmentation. This segmentation transformed the leaf into a solid black object against a white 

background (or vice versa, depending on inversion). The utilization of segmented images enabled 

digital leaf area measurement using ImageJ software by enumerating pixels within the designated 

leaf area, which is then converted into square centimeters (cm²) using the reference scale 

[18,20,32]. This approach ensures that the measured leaf area accurately reflects the actual size, 
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eliminating the influence of background noise or shadow interference. The accuracy of the 

thresholding process was validated through a visual comparison of the segmented outputs with the 

original leaf contours, which showed a high degree of consistency. Despite the absence of 

quantitative metric such as Intersection over Union (IoU), the high contrast between the leaf and 

background, in conjunction with controlled lighting and scale calibration, ensured reliable 

segmentation results. The accuracy of this step directly affects the precision of the calculated leaf 

constant (k) [18], since k is determined by the ratio between the actual leaf area from digital 

processing and the estimated area using the formula of length × width × k. 

  
(a) (b) 

  
(c) (d) 

Fig. 2. Digital image acquisition and processing of durian leaf images: (a) RGB image of 

Monthong durian leaf, (b) threshold result of Monthong durian leaf, (c) RGB image of Bawor 

durian leaf, (d) threshold result of Bawor durian leaf 

Table 1 presents the measurement results of the area, dimensions, and calculated constants 

(k) of the leaves of durian cultivars Monthong and Bawor through digital image analysis. To ensure 

consistency in measurement, leaf length was determined by measuring from the petiole base to the 

tip of the leaf apex, while leaf width was ascertained at the widest part of the lamina. This approach 

accommodates the pointed and narrow leaf tip characteristic of durian leaves. The k values were 

computed using Error! Reference source not found.). These data reflect the morphological v

ariability within each cultivar and confirm the consistency of leaf constant values required for 

rapid estimation methods. For the durian cultivar Monthong, k ranged from 0.687 to 0.714, with a 

mean of 0.702, while for the durian cultivar Bawor, k ranged from 0.676 to 0.704, with a mean of 

0.691. The elliptical shape of both Monthong and Bawor durian leaves contributes to the stability 

of the calculated leaf constant. However, Monthong durian leaves exhibit more uniformity in size 

and curvature, whereas Bawor durian leaves show slightly greater variation in their elliptical shape. 

These variations in morphology directly impact the correction factor (k) used in the estimation of 

leaf area. This reinforces the notion that the application of a generic constant without the requisite 

consideration of varietal differences may culminate in significant estimation errors [24,25,31,40]. 
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Table 1. The results of the leaf area measurement and leaf constant identification processes 

through digital image analysis 

Sample 

Durian cultivar Monthong Durian cultivar Bawor 

Leaf area 

(cm2) 

Length 

(cm) 

Width 

(cm) 
k 

Leaf area 

(cm2) 

Length 

(cm) 

Width 

(cm) 
k 

1 133.089 23 8.2 0.706 99.45 18 8 0.691 

2 117.109 21.9 7.6 0.704 146.27 23.4 9 0.695 

3 102.763 19 7.6 0.712 87.73 18.2 7 0.689 

4 124.219 22.4 7.8 0.711 102.90 21.3 7 0.690 

5 136.164 23.9 8.1 0.703 82.25 18.3 6.5 0.691 

6 102.586 20 7.3 0.703 69.42 16 6.3 0.689 

7 99.497 19.1 7.3 0.714 77.61 16.4 7 0.676 

8 78.532 16 6.9 0.711 95.81 18.4 7.4 0.704 

9 89.804 18 7 0.713 102.28 19.5 7.5 0.699 

10 79.715 17.5 6.6 0.690 131.34 22.6 8.5 0.684 

11 103.624 20.4 7.3 0.696 123.35 22 8.1 0.692 

12 143.993 23.9 8.5 0.709 107.88 20.5 7.6 0.692 

13 103.512 20 7.5 0.690 64.82 17.5 5.4 0.686 

14 106.738 20.2 7.4 0.714 71.54 15.6 6.6 0.695 

15 134.537 23.5 8.1 0.707 82.93 19.1 6.3 0.689 

16 98.887 20 7.1 0.696 91.44 18.2 7.3 0.688 

17 127.810 22.5 8.1 0.701 71.52 17 6.1 0.690 

18 122.156 20.5 8.5 0.701 63.19 16 5.8 0.681 

19 99.179 19.7 7.3 0.690 81.73 18.5 6.5 0.680 

20 112.334 20 8.1 0.693 86.30 18.2 6.8 0.697 

21 97.496 18.6 7.5 0.699 71.61 17 6.1 0.691 

22 107.617 20.5 7.4 0.709 49.76 14.4 5 0.691 

23 98.138 20.4 7 0.687 32.65 10.6 4.4 0.700 

24 89.106 19.3 6.6 0.700 101.58 19.3 7.6 0.693 

25 104.122 19.5 7.6 0.703 58.03 14.5 5.8 0.690 

26 74.120 16.8 6.2 0.712 39.44 12.1 4.8 0.679 

27 85.143 17.7 6.9 0.697 59.97 14.2 6 0.704 

28 111.248 21.1 7.6 0.694 67.68 14.6 6.6 0.702 

29 78.227 18.7 6 0.697 80.02 18.5 6.3 0.687 

30 83.817 19 6.3 0.700 60.13 14.8 6 0.677 

31 98.849 20 7 0.706 99.25 20.5 6.9 0.702 

32 95.557 19.8 7 0.689 38.45 14 4 0.687 

33 98.600 19.4 7.2 0.706 44.53 13.3 4.8 0.698 

34 91.261 18.9 7 0.690 84.91 17.6 7 0.689 

35 97.527 19.5 7.1 0.704 25.94 9.2 4.1 0.688 

36 101.732 19.7 7.4 0.698 73.35 16.9 6.3 0.689 

37 71.580 17.5 5.8 0.705 93.82 18.5 7.2 0.704 

38 88.436 18.2 6.9 0.704 76.76 18 6.1 0.699 

39 59.492 15.4 5.5 0.702 87.23 18.5 6.8 0.693 

40 87.968 18 7 0.698 93.93 18.3 7.4 0.694 
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Fig. 3. Boxplot of leaf constant values 

Fig. 3 displays the distribution of leaf constant values (k) for the durian cultivars Monthong 

and Bawor in the form of boxplots. The chart illustrates data spread, median values, and variability 

among samples, facilitating analysis of morphological homogeneity in each cultivar. 

As illustrated in Fig. 3, the median k value for Monthong is marginally higher than that of 

Bawor. The blue dots representing the mean are proximate to the median, indicating a relatively 

symmetrical distribution without skewness. This result suggests that Monthong leaf samples 

exhibit a consistent length-to-width ratio, which is evident in the stability of the leaf constant 

values. The leaf constant (k), by definition, does not directly represent the absolute leaf area; rather, 

it serves as a correction factor linking leaf length and width to the estimated leaf area [24,25,31,40]. 

Thus, the stability of k indicates the reliability of length–width measurements in predicting leaf 

area across different samples. Meanwhile, the durian cultivar Bawor shows a slightly lower 

distribution, with a median that fell below that of cultivar Monthong. However, the k value range 

remained narrow, signifying that this method maintains its stability when applied to the leaves of 

the durian cultivar Bawor, notwithstanding the greater diversity in leaf morphology exhbited by 

the latter. The difference in median values reinforces prior findings, which indicate that leaf 

morphology is strongly influenced by varietal genetics [41–43]. 

The absence of noticeable outliers in both boxplots further supports the consistency of the 

data and the reliability of the image acquisition and processing methods used in this study. The 

narrow interquartile range (between Q1 and Q3) indicates that the majority of data points are 

clustered around the median, implying low morphological variability within each cultivar. Overall, 

the visualization supports the conclusion that leaf area can be estimated using cultivar-specific 

constants with a high degree of accuracy and efficiency. The stability of k values is essential for 

the success of length-width-based predictive models [40,44,45]. 

Fig. 4 presents the correlation charts between the leaf area measured via digital image 

processing (actual values) and the leaf area predicted using the dimensional method (length × 

width × k), with k being the average constant obtained from this study. Fig. 4 provides a visual 

representation for the durian cultivar Monthong, while Fig. 4 offers a similar representation but 
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for cultivar Bawor. 

  
(a) (b) 

Fig. 4. Correlation charts of measured leaf area (as determined by digital image analysis) and 

predicted leaf area (as calculated using the dimensional method with derived constants) for two 

durian cultivars: (a) Monthong and (b) Bawor 

As demonstrated in Fig. 4, the coefficient of determination (R²) was found to be highly 

significant (approaching 1) for both cultivars, indicating a strong linear correlation between the 

actual and predicted leaf areas. In other words, the dimensional method, using the derived leaf 

constants, exhibited a high degree of predictive accuracy. The regression line slope for both 

cultivars was found to be close to 1, suggesting that the model does not suffer from systematic bias 

(overestimation or underestimation). The small intercept values indicate minimal baseline 

prediction errors.  

These findings affirm the validity and reliability of the leaf constants derived from digital 

image processing are for use in predictive models [18,20,24,25,31,40]. The model has 

demonstrated a high degree of accuracy, rendering it suitable for various agronomic applications, 

including the monitoring of plant growth [46–48], the determination of leaf area index (LAI) 

[15,16], and the physiological modeling of durian [49–51] based on fast and non-destructive 

morphometric input [30,52]. Evidence from correlation charts indicates that the length-width 

measurement approach, calibrated with cultivar-specific constants, can effectively replace manual 

or destructive methods without sacrificing accuracy.  

As illustrated in Table 2, a statistical analysis was conducted to compare the actual leaf area 

obtained from digital image processing with the predicted values using the dimensional method 

(length × width × k). A total of 80 leaves, comprising 40 leaves of Monthong durian and 40 leaves 

of Bawor durian, were sampled for this comparison. This ensured that the statistical evaluation 

was based on sufficient data representation from both cultivars. The evaluation was conducted 

using four statistical parameters, namely, RMSE, NRMSE, NSE, and Willmott’s index of 

agreement (d), which are widely used indicators for evaluating regression and numerical prediction 

models [18,30,53,54]. 
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Table 2. The statistical analysis results of measured leaf area as compared to predicted leaf area 

Durian Cultivar RMSE (cm2) NRMSE (%) NSE d 

Monthong 1.059 0.01 0.997 0.999 

Bawor 0.8 0.01 0.999 1 

The RMSE values were 1.059 for cultivar Monthong and 0.800 for cultivar Bawor, 

indicating low average prediction errors in the same units as actual leaf area [36,55], with cultivar 

Bawor showing slightly better performance. Both cultivars had an NRMSE of 0.01, suggesting an 

exceptionally low normalized error and thus indicating excellent model performance [56,57]. The 

NSE values were 0.997 for cultivar Monthong and 0.999 for cultivar Bawor, indicating near-

perfect predictive efficiency and the model’s ability to explain almost all variability in the observed 

data [58,59]. 

In addition, the Willmott index (d) values were found to be remarkably high, with values of 

0.999 for cultivar Monthong and 1.000 for cultivar Bawor, indicating an excellent agreement 

between the predicted and actual values [60–62]. These results affirm that the dimensional method, 

using the derived constants (k), demonstrates a high degree of reliability in estimating the area of 

durian leaf. This high degree of agreement serves as indication of the robustness of the model, 

demonstrating its capacity to function reliably across a range of leaf morphologies, both uniform 

and variable. It further suggests that the method can be reliably applied to other physiological and 

agronomic models that rely on accurate leaf area measurements. 

The statistical findings have confirmed that the leaf area estimation method using the 

formula of length × width × k, calibrated with the average constants obtained in this study, is highly 

accurate and valid for both durian cultivars. The low prediction errors and the extremely high 

model efficiency and agreement indices support the utility of this approach as a rapid, practical, 

and non-destructive alternative method in durian cultivation and research. This approach confers 

significant benefits, particularly in field-based studies where time and resource efficiency are 

critical. Additionally, it offers a scalable solution for large-scale monitoring in precision 

agriculture applications, particularly in regions where access to advanced equipment is limited. 

4. Conclusions 

This study successfully identified the constant values of leaves from the durian cultivars 

Monthong and Bawor using smartphone-based digital image processing. The resulting leaf 

constants were 0.702 for the durian cultivar Monthong and 0.691 for the durian cultivar Bawor, 

with a very strong correlation (R2 ≥ 0.997) observed between the measured and predicted leaf area. 

The statistical validation confirmed the model's high accuracy, as indicated by the low RMSE, the 

NSE of ≥ 0.997, and Willmott’s index of agreement (d) of ≥ 0.999. This method has proven to be 

efficient, accurate, and non-destructive. In practice, this approach offers a readily accessible and 
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cost-effective instrument for farmers, extension workers, and researchers, particularly in regions 

with limited access to sophisticated equipment. This enables more precise and timely horticultural 

management of durian plantations. 

Future studies are recommended to expand the application of this approach to other durian 

cultivars and to validate its robustness across different leaf developmental stages and 

environmental conditions. Furthermore, the extension of the application to other perennial and 

annual crops could further enhance its applicability. Nevertheless, caution should be exercised 

when extrapolating the leaf constant values obtained in this study to other species or broader 

geographic regions, as morphological variations, growth environments, and genetic diversity may 

influence the accuracy of predictions. The findings contribute to the development of leaf area 

estimation techniques based on leaf constants and digital imaging, and are recommended for 

further application across other cultivars or crop commodities. 

Abbreviations 

k Leaf Constant 

R2 Coefficient of Determination 

RMSE Root Mean Square Error 

NRMSE Normalized Root Mean Square Error 

NSE Nash–Sutcliffe Efficiency 

d Willmott’s Index of Agreement 

Data availability statement 

All data are available in the authors' articles, as contained in the references. Should there be 

a necessity for data to be shared, this will be done upon request by the readers.  

CRediT authorship contribution statement 

Bayu Dwi Arfiyanto: Investigation, Data Curation, Resources, Writing – Original Draft 

Preparation. Farchan Mushaf Al Ramadhani: Conceptualization, Investigation, Data Curation, 

Formal Analysis, Methodology, Resources, Supervision, Validation, Visualization, Writing – 

Original Draft Preparation, Writing – Review & Editing. Sajuri: Project Administration, 

Resources, Supervision. 

Declaration of Competing Interest 

The authors of this manuscript have no conflicts of interest to declare.  

Acknowledgement 

This study was conducted independently, with no external funding received.  

References 

[1] Ketsa S. Durian - Durio zibethinus. In: Rodrigues S, Silva EDO, Brito ES De, editors. Exotic 

Fruits Reference Guide, London: Elsevier Inc 2018:169–80. https://doi.org/10.1016/B978-

0-12-803138-4.00022-8.   

https://doi.org/10.1016/B978-0-12-803138-4.00022-8
https://doi.org/10.1016/B978-0-12-803138-4.00022-8


Arfiyanto et al. Journal of Applied Agricultural Science and Technology Vol. 9 No. 3 (2025): 449-463 

 

 460 

[2] Khasan U, Ambar S, Sukma I. Correspondence analysis in forming a consumer image map 

of durian fruit in Wonosalam, Jombang Regency. Tuijin Jishu/Journal of Propulsion 

Technology 2024;45:478–82. 

https://www.propulsiontechjournal.com/index.php/journal/article/view/3993  

[3] Arifah AH, Faizah M. Financial feasibility analysis of durian fruit business (Durio 

zibethinus). MULTIDISCIPLINE - International Conference 2021 2021:111–118. 

https://ejournal.unwaha.ac.id/index.php/ICMT/article/view/2209  

[4] Arsa S, Wipatanawin A, Suwapanich R, Makkerdchoo O, Chatsuwan N, Kaewthong P, et 

al. Properties of different varieties of durian. Applied Sciences 2021;11:1–19. 

https://doi.org/10.3390/app11125653.  

[5] Wahab L, Kurniawan A, Lestari HA. Evaluasi kesesuaian lahan untuk budidaya durian 

bawor di Kabupaten Banyumas menggunakan SIG berbasis IoT. Jurnal Ilmiah Rekayasa 

Pertanian Dan Biosistem 2025;13:83–101. https://doi.org/10.29303/jrpb.v13i1.1138.  

[6] Sari VK, Sa’diyah H, Basuki. Morpho-Ecotype characterization of superior local durian 

(Durio zibethinus L.) in Jember Regency. J Trop Biodivers Biotechnol 2024;9:1–11. 

https://doi.org/10.22146/jtbb.87810.  

[7] Ketsa S, Wisutiamonkul A, Palapol Y, Paull RE. The durian: Botany, horticulture, and 

utilization. New Jersey: John Wiley & Sons Inc 2020. 

https://doi.org/10.1002/9781119625407.ch4.  

[8] Roth-Nebelsick A, Krause M. The plant leaf: A biomimetic resource for multifunctional 

and economic design. Biomimetics 2023;8:1–32. 

https://doi.org/10.3390/biomimetics8020145.  

[9] Mao J, Luo Y, Jin C, Xu M, Li X, Tian Y. Response of leaf photosynthesis–transpiration 

coupling to biotic and abiotic factors in the typical desert shrub Artemisia ordosica. 

Sustainability 2023;15:1–13. https://doi.org/10.3390/su151310216.  

[10] Lv Y, Gu L, Man R, Liu X, Xu J. Response of stomatal conductance, transpiration, and 

photosynthesis to light and CO2 for rice leaves with different appearance days. Front Plant 

Sci 2024;15:1–13. https://doi.org/10.3389/fpls.2024.1397948.  

[11] Hatfield JL, Dold C. Photosynthesis in the solar corridor system. In: Deichman CL, Kremer 

RJ, editors. The Solar Corridor Crop System: Implementation and Impacts, London: 

Elsevier Inc 2019:1–33. https://doi.org/10.1016/B978-0-12-814792-4.00001-2.  

[12] Zhang H, Wang L, Jin X, Bian L, Ge Y. High-throughput phenotyping of plant leaf 

morphological, physiological, and biochemical traits on multiple scales using optical 

sensing. Crop Journal 2023;11:1303–18. https://doi.org/10.1016/j.cj.2023.04.014.  

[13] Osone Y, Ishida A, Tateno M. Correlation between relative growth rate and specific leaf 

area requires associations of specific leaf area with nitrogen absorption rate of roots. New 

Phytologist 2008;179:417–27. https://doi.org/10.1111/j.1469-8137.2008.02476.x.  

[14] Xu R, Wang L, Zhang J, Zhou J, Cheng S, Tigabu M, et al. Growth rate and leaf functional 

traits of four broad-leaved species underplanted in Chinese fir plantations with different tree 

density levels. Forests 2022;13:1–13. https://doi.org/10.3390/f13020308.  

[15] Ma J, Zhang J, Wang J, Khromykh V, Li J, Zhong X. Global leaf area index research over 

the past 75 years: A comprehensive review and bibliometric analysis. Sustainability 

2023;15:1–30. https://doi.org/10.3390/su15043072.  

[16] Shen B, Guo J, Li Z, Chen J, Fang W, Kussainova M, et al. Comparative verification of leaf 

area index products for different grassland types in Inner Mongolia, China. Remote Sens 

(Basel) 2023;15:1–17. https://doi.org/10.3390/rs15194736.  

[17] Montgomery EG, Montgomery MB, Correlation studies in corn. Annual report no. 24. 

Agricultural Experimental Station. Lincoln, NE, USA.: 1911. 

https://www.scienceopen.com/document?vid=eaf0a177-85e8-4907-82f3-93a00b699ea0 

[18] Al Ramadhani FM, Sajuri, Amin R, Lutfiana A. Metode pengukuran luas daun tanaman 

menggunakan bantuan objek tuntun berbasis pengolahan citra digital. Jurnal Pertanian 

Agros 2024;26:1677–88. https://doi.org/10.37159/jpa.v26i4.4832.  

https://www.propulsiontechjournal.com/index.php/journal/article/view/3993
https://ejournal.unwaha.ac.id/index.php/ICMT/article/view/2209
https://doi.org/10.3390/app11125653
https://doi.org/10.29303/jrpb.v13i1.1138
https://doi.org/10.22146/jtbb.87810
https://doi.org/10.1002/9781119625407.ch4
https://doi.org/10.3390/biomimetics8020145
https://doi.org/10.3390/su151310216
https://doi.org/10.3389/fpls.2024.1397948
https://doi.org/10.1016/B978-0-12-814792-4.00001-2
https://doi.org/10.1016/j.cj.2023.04.014
https://doi.org/10.1111/j.1469-8137.2008.02476.x
https://doi.org/10.3390/f13020308
https://doi.org/10.3390/su15043072
https://doi.org/10.3390/rs15194736
https://www.scienceopen.com/document?vid=eaf0a177-85e8-4907-82f3-93a00b699ea0
https://doi.org/10.37159/jpa.v26i4.4832


Arfiyanto et al. Journal of Applied Agricultural Science and Technology Vol. 9 No. 3 (2025): 449-463 

 

 461 

[19] Wei H, Deng Y, Chen Z, Wang X, Li X. Prediction of leaf area using Montgomery models 

in ramie. Forest Chemicals Review 2021:1162–76. 

https://www.forestchemicalsreview.com/index.php/JFCR/article/view/272/258  

[20] Al Ramadhani FM. Identifikasi nilai konstanta daun tanaman rambutan dan jambu air 

berbasis pengolahan citra digital. Jurnal Penelitian Inovatif (JUPIN) 2024;4:655–64. 

https://doi.org/10.54082/jupin.400.  

[21] Shi P, Liu M, Ratkowsky DA, Gielis J, Su J, Yu X, et al. Leaf area–length allometry and its 

implications in leaf shape evolution. Trees 2019;33:1073–85. 

https://doi.org/10.1007/s00468-019-01843-4.  

[22] Anitha K, Sharathkumar M, Kumar PJ, Jegadeeswari V. A simple, non-destructive method 

of leaf area estimation in Lisianthus, Eustoma grandiflorum (Raf). Shinn. Current Biotica 

2016;9:313–21. https://www.cabidigitallibrary.org/doi/pdf/10.5555/20163237245  

[23] Nakanwagi MJ, Sseremba G, Kabod NP, Masanza M, Kizito EB. Accuracy of using leaf 

blade length and leaf blade width measurements to calculate the leaf area of Solanum 

aethiopicum Shum group. Heliyon 2018;4:1–12. 

https://doi.org/10.1016/j.heliyon.2018.e01093.  

[24] Yu X, Shi P, Schrader J, Niklas KJ. Nondestructive estimation of leaf area for 15 species of 

vines with different leaf shapes. Am J Bot 2020;107:1481–90. 

https://doi.org/10.1002/ajb2.1560.  

[25] Sala F, Arsene GG, Iordănescu O, Boldea M. Leaf area constant model in optimizing foliar 

area measurement in plants: A case study in apple tree. Sci Hortic 2015;193:218–24. 

https://doi.org/10.1016/j.scienta.2015.07.008.  

[26] Gokkus G, Gokkus MK. Leaf area estimation based on ANFIS using embedded system and 

PV panel. Heliyon 2024;10:1–10. https://doi.org/10.1016/j.heliyon.2024.e34149.  

[27] Koyama K. Leaf area estimation by photographing leaves sandwiched between transparent 

clear file folder sheets. Horticulturae 2023;9:1–20. 

https://doi.org/10.3390/horticulturae9060709.  

[28] Brant V, Krofta K, Zábranský P, Hamouz P, Procházka P, Dreksler J, et al. Relationship 

between dynamics of plant biometric parameters and leaf area index of Hop (Humulus 

lupulus L.) plants. Agronomy 2025;15:1–16. https://doi.org/10.3390/agronomy15040823.  

[29] Rozentsvet O, Bogdanova E, Nesterov V, Bakunov A, Milekhin A, Rubtsov S, et al. 

Physiological and biochemical parameters of leaves for evaluation of the potato yield. 

Agriculture 2022;12:1–13. https://doi.org/10.3390/agriculture12060757.  

[30] Al Ramadhani FM, Bowo C, Slameto S. The use of aquacrop model for soybean in various 

water availability within a lysimeter system. Journal of Applied Agricultural Science and 

Technology 2023;7:399–413. https://doi.org/10.55043/jaast.v7i4.153.  

[31] Sala F, Dobrei A, Herbei MV. Leaf area calculation models for vines based on foliar 

descriptors. Plants 2021;10:1–15. https://doi.org/10.3390/plants10112453.  

[32] Ferreira T, Rasband W. ImageJ User Guide IJ 1.46r. Kanada: National Institute of Health; 

2012. https://imagej.net/ij/docs/guide/  

[33] Kasuya E. On the use of r and r squared in correlation and regression. Ecol Res 

2019;34:235–6. https://doi.org/10.1111/1440-1703.1011.  

[34] Zhang J, Cheng J, Liu C, Wu Q, Xiong S, Yang H, et al. Enhanced crop leaf area index 

estimation via random forest regression: Bayesian optimization and feature selection 

approach. Remote Sens (Basel) 2024;16:1–21. https://doi.org/10.3390/rs16213917.  

[35] Yadav SS, Kumar A, Johri P, Singh JN. Testing effort-dependent software reliability growth 

model using time lag functions under distributed environment. In: Johri P, Anand A, Vain 

J, Singh J, Quasim MT, editors. System Assurances Modeling and Management, London: 

Academic Press; 2022, p. 85–102. https://doi.org/10.1016/B978-0-323-90240-3.00006-0.  

[36] Chai T, Draxler RR. Root mean square error (RMSE) or mean absolute error (MAE)? –

Arguments against avoiding RMSE in the literature. Geosci Model Dev 2014;7:1247–50. 

https://doi.org/10.5194/gmd-7-1247-2014.  

https://www.forestchemicalsreview.com/index.php/JFCR/article/view/272/258
https://doi.org/10.54082/jupin.400
https://doi.org/10.1007/s00468-019-01843-4
https://www.cabidigitallibrary.org/doi/pdf/10.5555/20163237245
https://doi.org/10.1016/j.heliyon.2018.e01093
https://doi.org/10.1002/ajb2.1560
https://doi.org/10.1016/j.scienta.2015.07.008
https://doi.org/10.1016/j.heliyon.2024.e34149
https://doi.org/10.3390/horticulturae9060709
https://doi.org/10.3390/agronomy15040823
https://doi.org/10.3390/agriculture12060757
https://doi.org/10.55043/jaast.v7i4.153
https://doi.org/10.3390/plants10112453
https://imagej.net/ij/docs/guide/
https://doi.org/10.1111/1440-1703.1011
https://doi.org/10.3390/rs16213917
https://doi.org/10.1016/B978-0-323-90240-3.00006-0
https://doi.org/10.5194/gmd-7-1247-2014


Arfiyanto et al. Journal of Applied Agricultural Science and Technology Vol. 9 No. 3 (2025): 449-463 

 

 462 

[37] Iida T. Identifying causes of errors between two wave-related data using performance 

metrics. Applied Ocean Research 2024;148:1–13. 

https://doi.org/10.1016/j.apor.2024.104024.  

[38] Neves VH, Pace G, Delegido J, Antunes SC. Chlorophyll and suspended solids estimation 

in Portuguese reservoirs (Aguieira and Alqueva) from Sentinel-2 imagery. Water (Basel) 

2021;13:1–21. https://doi.org/10.3390/w13182479.  

[39] Nash JE, Sutcliffe J V. River flow forecasting through conceptual models part I — A 

discussion of principles. J Hydrol (Amst) 1970;10:282–90. https://doi.org/10.1016/0022-

1694(70)90255-6.  

[40] Shi P, Liu M, Yu X, Gielis J, Ratkowsky DA. Proportional relationship between leaf area 

and the product of leaf length and width of four types of special leaf shapes. Forests 

2019;10:1–13. https://doi.org/10.3390/f10020178.  

[41] Ren J, Ji X, Wang C, Hu J, Nervo G, Li J. Variation and genetic parameters of leaf 

morphological traits of eight families from Populus simonii × P. nigra. Forests 2020;11:1–

17. https://doi.org/10.3390/f11121319.  

[42] Li Y, Zhang Y, Liao P, Wang T, Wang X, Ueno S, et al. Genetic, geographic, and climatic 

factors jointly shape leaf morphology of an alpine oak, Quercus aquifolioides Rehder & 

E.H. Wilson. Ann For Sci 2021;78:1–18. https://doi.org/10.1007/s13595-021-01077-w.  

[43] Nakayama H. Leaf form diversity and evolution: a never-ending story in plant biology. J 

Plant Res 2024;137:547–60. https://doi.org/10.1007/s10265-024-01541-4. 

[44] Schrader J, Shi P, Royer DL, Peppe DJ, Gallagher RV, Li Y, et al. Leaf size estimation 

based on leaf length, width and shape. Ann Bot 2021;128:395–406. 

https://doi.org/10.1093/aob/mcab078.  

[45] Tay AC, Ling JZL. Estimation of individual leaf area by leaf dimension using a linear 

regression for various tropical plant species. IOP Conf Ser Mater Sci Eng 2020;943:1–5. 

https://doi.org/10.1088/1757-899X/943/1/012066.  

[46] Liu H, Xiang Y, Chen J, Wu Y, Du R, Tang Z, et al. A new spectral index for monitoring 

leaf area index of winter oilseed rape (Brassica napus L.) under different coverage methods 

and nitrogen treatments. Plants 2024;13:1–16. https://doi.org/10.3390/plants13141901.  

[47] Reza MN, Chowdhury M, Islam S, Kabir MSN, Park SU, Lee GJ, et al. Leaf area prediction 

of pennywort plants grown in a plant factory using image processing and an artificial neural 

network. Horticulturae 2023;9:1–17. https://doi.org/10.3390/horticulturae9121346.  

[48] Benjamin LR. Growth Analysis, Crops. In : Second Edi, editors. Amsterdam: Elsevier; 

2017, p. 23-28. https://doi.org/10.1016/B978-0-12-394807-6.00225-2.  

[49] Guo S, Wu L, Cao X, Sun X, Cao Y, Li Y, et al. Simulation model construction of plant 

height and leaf area index based on the overground weight of greenhouse tomato: Device 

development and application. Horticulturae 2024;10:1–16. 

https://doi.org/10.3390/horticulturae10030270.  

[50] Jo WJ, Shin JH. Effect of leaf-area management on tomato plant growth in greenhouses. 

Hortic Environ Biotechnol 2020;61:981–8. https://doi.org/10.1007/s13580-020-00283-1.  

[51] Raya V, Parra M, Cid M del C, Santos B, Ríos D. Effect of different intensities of leaf 

removal on tomato development and yield. Horticulturae 2024;10:1–21. 

https://doi.org/10.3390/horticulturae10111136.  

[52] Bowman CS, Traband R, Wang X, Knowles SP, Lo S, Jia Z, et al. Multiple Leaf Sample 

Extraction System (MuLES): A tool to improve automated morphometric leaf studies. Appl 

Plant Sci 2023;11:1–7. https://doi.org/10.1002/aps3.11513.  

[53] Lei G, Zeng W, Yu J, Huang J. A comparison of physical-based and machine learning 

modeling for soil salt dynamics in crop fields. Agricultural Water Manag 2023;277:1–16. 

https://doi.org/10.1016/j.agwat.2022.108115.  

[54] Valbuena R, Hernando A, Manzanera JA, Görgens EB, Almeida DRA, Silva CA, et al. 

Evaluating observed versus predicted forest biomass: R-squared, index of agreement or 

https://doi.org/10.1016/j.apor.2024.104024
https://doi.org/10.3390/w13182479
https://doi.org/10.1016/0022-1694(70)90255-6
https://doi.org/10.1016/0022-1694(70)90255-6
https://doi.org/10.3390/f10020178
https://doi.org/10.3390/f11121319
https://doi.org/10.1007/s13595-021-01077-w
https://doi.org/10.1007/s10265-024-01541-4
https://doi.org/10.1093/aob/mcab078
https://doi.org/10.1088/1757-899X/943/1/012066
https://doi.org/10.3390/plants13141901
https://doi.org/10.3390/horticulturae9121346
https://doi.org/10.1016/B978-0-12-394807-6.00225-2
https://doi.org/10.1016/B978-0-12-394807-6.00225-2
https://doi.org/10.3390/horticulturae10030270
https://doi.org/10.1007/s13580-020-00283-1
https://doi.org/10.3390/horticulturae10111136
https://doi.org/10.1002/aps3.11513
https://doi.org/10.1016/j.agwat.2022.108115


Arfiyanto et al. Journal of Applied Agricultural Science and Technology Vol. 9 No. 3 (2025): 449-463 

 

 463 

maximal information coefficient? Eur J Remote Sens 2019;52:1–14. 

https://doi.org/10.1080/22797254.2019.1605624.  

[55] Jierula A, Wang S, Oh TM, Wang P. Study on accuracy metrics for evaluating the 

predictions of damage locations in deep piles using artificial neural networks with acoustic 

emission data. Applied Sciences 2021;11:1–21. https://doi.org/10.3390/app11052314.  

[56] Blanc É. Statistical emulators of maize, rice, soybean and wheat yields from global gridded 

crop models. Agric For Meteorol 2017;236:145–61. 

https://doi.org/10.1016/j.agrformet.2016.12.022.  

[57] Kothari K, Battisti R, Boote KJ, Archontoulis S V, Confalone A, Constantin J, et al. 

Evaluating differences among crop models in simulating soybean in-season growth. Field 

Crops Res 2024;309:109306. https://doi.org/10.1016/j.fcr.2024.109306.  

[58] Pandya P, Gontia NK. Early crop yield prediction for agricultural drought monitoring using 

drought indices, remote sensing, and machine learning techniques. Journal of Water and 

Climate Change 2023;14:4729–4746. https://doi.org/10.2166/wcc.2023.386.  

[59] Aslam FM, Afghani FA. Comparing monthly rainfall prediction in West Sumatra using 

SARIMA, ETS, LSTM, and XGBoosting methods. Indonesian Journal of Applied Statistics 

2024;7:14–26. https://doi.org/10.13057/ijas.v7i1.83187.  

[60] Mota MC, Candido LA, Cuadra SV, Marenco RA, de Souza RVA, Maito Tomé A, et al. 

CROPGRO-soybean model – Validation and application for the southern Amazon, Brazil. 

Comput Electron Agric 2024;216:108478. https://doi.org/10.1016/j.compag.2023.108478.  

[61] Cao HX, Hanan JS, Liu Y, Liu YX, Yue Y Bin, Zhu DW, et al. Comparison of crop model 

validation methods. J Integr Agric 2012;11:1274–85. https://doi.org/10.1016/S2095-

3119(12)60124-5.  

[62] Fitriani V, Bowo C, Mandala M, Gandri L. Comparison of empirical methods to estimated 

reference evapotranspiration. Jurnal Ilmiah Rekayasa Pertanian Dan Biosistem 

2024;12:177–92. https://doi.org/10.29303/jrpb.v12i2.629.  

  

https://doi.org/10.1080/22797254.2019.1605624
https://doi.org/10.3390/app11052314
https://doi.org/10.1016/j.agrformet.2016.12.022
https://doi.org/10.1016/j.fcr.2024.109306
https://doi.org/10.2166/wcc.2023.386
https://doi.org/10.13057/ijas.v7i1.83187
https://doi.org/10.1016/j.compag.2023.108478
https://doi.org/10.1016/S2095-3119(12)60124-5
https://doi.org/10.1016/S2095-3119(12)60124-5
https://doi.org/10.29303/jrpb.v12i2.629

	1. Introduction
	2. Materials and Methods
	2.1. Research Type and Location
	2.2. Sample and Tools
	2.3. Image Acquisition
	2.4. Image Processing
	2.5. Statistical Analysis
	2.6.  Novelty in Method

	3. Results and Discussion
	4. Conclusions

