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	Abstract

	Developmental stability is a sensitive indicator of environmental quality, and fluctuating asymmetry of bilateral morphological traits offers a straightforward means of its assessment. In plants, leaf blades are convenient structures for such analyses, yet traditional manual morphometry is laborious, subjective, and prone to interoperator variability. This study presents a fully automated computer vision pipeline to measure key morphological features of Siberian elm leaves (Ulmus pumila L.) from scanned her-barium specimens. The workflow comprises a custom calibration template, contour detection, morphological filtering, row-wise sorting, and automated petiole removal. Algorithms are provided for the determination of leaf area, length, width, and, critically, for fluctuating asymmetry studies, the width of the left and right leaf halves. Validation against two conventional methods, pallet counting and a geometric formula, on a set of ten leaves demonstrates that digital area measurements are consistently more precise, avoiding the systematic overestimation inherent in manual partial-square counting and the rigidity of a fixed shape correction factor. The entire pipeline is implemented in Python with OpenCV and delivers metric-scaled results in tabular form, drastically reducing operator effort while ensuring full reproducibility. The proposed approach is suitable for large-scale environmental monitoring and can be embedded in a user-friendly software application.
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	Introduction

	Fluctuating asymmetry (FA) refers to small, random deviations from perfect bilateral symmetry in morphological traits. These deviations emerge because an organ-ism cannot fully buffer its developmental program against genetic and environmental perturbations (Freeman et al. 1999; Sandner & Matthies 2017). In plants, leaf FA has been proposed as a sensitive bioindicator of a wide range of environmental stressors, including air pollution (Erofeeva & Yakimov 2020), drought (Zverev et al. 2018), heavy metal contamination (Cornelissen & Stiling 2010), and degraded habitat quality (Sandner et al. 2019). The central premise is that environmentally stressed plants exhibit heightened developmental instability, manifested as an in-crease in the random asymmetry of otherwise bilaterally symmetric leaves.

	However, working with leaf FA requires careful distinction among three forms of bilateral asymmetry. Fluctuating asymmetry is characterized by normally dis-tributed left-right differences with a mean of zero. Directional asymmetry (DA) occurs when one side is consistently larger than the other, often under genetic control. Antisymmetry (AS) describes a situation where either side may be larger, but with roughly equal frequency, yielding a bimodal distribution (Erofeeva & Yakimov 2020; Alves-Silva et al. 2018). Only FA is considered a valid proxy for developmental instability, and misclassifying DA or AS as FA can lead to spurious conclusions. In fact, Erofeeva and Yakimov (2020) showed that air pollution can change the type of asymmetry in Tilia cordata and Betula pendula from FA to DA or mixed asymmetry, underscoring the need to verify the type of asymmetry before interpreting any stress–asymmetry relationship.

	The Siberian elm (Ulmus pumila L.) is a highly adaptable tree native to northeast Asia, common in arid and semi-arid regions (Park et al. 2013, 2016). The species exhibits pronounced phenotypic plasticity along climatic gradients, particularly in response to drought (Graham et al. 2015). Its leaves are simple, serrate, and bilaterally symmetric, making them excellent candidates for morphometric FA analysis. Moreover, previous work on elm species is encouraging. Møller (1999) found that leaf asymmetry in Ulmus glabra predicted susceptibility to Dutch elm disease a full year before symptoms appeared. Despite this promise, standard manual measurements remain laborious, subjective, and limited in throughput (Weight et al. 2007), exactly the kind of bottleneck that automated computer vision approaches are de-signed to remove.

	A range of computer vision methods have been developed for leaf shape analysis. Landmark-based geometric morphometrics, as implemented in LeafAnalyser (Backhaus et al. 2010; Weight et al. 2007) and MorphoLeaf (Biot et al. 2016), is based on homologous points to decompose the shape into symmetric and asymmetric components (Viscosi 2015). For species such as elms whose serrated margins can make landmark placement unreliable, landmark-free contour methods offer a powerful alternative. Continuous symmetry measures (CSM) combined with LAM-INA software (Graham et al. 2015), bending energy analysis in LEAFPROCESSOR (Alves-Silva et al. 2018; Backhaus et al. 2010), and elliptic Fourier transforms in LeafletAnalyzer (Liao et al. 2017) all permit high-throughput quantification of leaf shape and asymmetry without requiring fixed landmarks. Simple areal indices, such as the standardized index proposed by Shi et al. (2018), can also capture bilateral differences in subleaf regions. Underpinning many of these pipelines is the reliable detection of the leaf apex and base, a task addressed, for example, by Watchareeruetai et al. (2015) with an accuracy of 85% within a 5 mm error.

	Despite this progress, several methodological cautions have emerged. Sample size strongly influences FA estimates, and Alves-Silva et al. (2018) recommended species-specific planning because larger samples did not consistently reveal FA across all species. The choice of FA measure also matters: Sandner et al. (2019) found that distance-based, vein length-based, and multivariate shape-based FA measures were only weakly correlated and not equally sensitive to stress. Perhaps most importantly, controlled experiments have often failed to detect the expected FA–stress relationship. Zverev et al. (2018) reported no effect of heavy metals or drought on birch leaf FA despite clear impacts on growth and physiology, and Sandner and Matthies (2017) observed that FA in Silene vulgaris actually decreased under some stress treatments. These results have prompted calls for rigorous verification and species-specific validation before deploying FA as an environmental assessment tool (Erofeeva & Yakimov 2020; Sandner et al. 2019).

	In this paper, we present a fully automated computer vision pipeline for the morphometric analysis of scanned Siberian elm leaves. Building on the general frame-work of image acquisition, preprocessing, contour extraction, symmetry measurement, and asymmetry classification outlined in the literature (Weight et al. 2007; Backhaus et al. 2010; Watchareeruetai et al. 2015; Erofeeva & Yakimov 2020), our work concentrates on the foundational processing steps: calibrated scanning with a custom template, detection and row wise ordering of leaves and calibration squares, automated petiole removal, and the computation of blade area, length, width, and, critically, the widths of the left and right leaf halves. We validate the digital area measurements against two traditional methods (pallet counting and a geometric formula) and demonstrate that the automated pipeline produces more precise and reproducible data while drastically reducing the operator effort.

	 

	Materials and methods

	Image acquisition and calibration template

	Leaf samples were digitized using a flatbed scanner at an optical resolution of at least 2500 × 3500 pixels to ensure sharp and distortion-free images. A calibration template was manufactured from a standard white A4 sheet, with a black 1 cm × 1 cm square affixed to each of the four corners (Fig. 1). The leaves were arranged on the template so that no leaf overlapped another or any calibration square, and a minimum clearance of 0.5 cm was maintained. The midrib of each leaf was oriented as perpendicularly as possible to the shorter side of the template, thereby standardizing the leaf position for subsequent vein-based analyzes.

	Six scans were acquired, each containing a set of Siberian elm leaves. All processing steps described in the following presuppose scanned perspective-free images; photographs captured with handheld cameras are not currently supported owing to the absence of automated distortion compensation.

	[image: Image]

	Figure 1. Input and output of the automated pipeline. (left) Full scan of the Siberian elm leaf set (Ulmus pumila) on the calibration template, with 1 cm × 1 cm black squares at the four corners. (right) Final half-width extraction for a representative leaf after automatic petiole removal: bounding rectangles of the left and right blade halves with half-widths in millimeters. The measured half-widths are the primary data for the analysis of fluctuating asymmetry.

	 

	Algorithm for leaf trait measurements

	The pipeline was implemented in Python 3 using the OpenCV library (OpenCV). For an individual scan, the following sequence of operations was executed:

	The RGB image was loaded and a grayscale copy was generated (Fig. 1). The grayscale image was binarized and all contours were extracted using cv2.findContours. Where the contours contained internal voids (for example, insect or decay-induced perforations), morphological erosion followed by dilation was applied to close the gaps and obtain solid object masks (Fig. 2).

	The contours were filtered by area: very small debris and the single largest contour (corresponding to the background template) were discarded. The remaining contours, namely leaf blades and calibration squares, were sorted in row-major order (top-to-bottom, left-to-right) according to the coordinates of their centroids.

	[image: Image]

	Figure 2. Image pre-processing steps. (Top row) Morphological closing to repair leaf tissue defects: original leaf with insect damage (top left), binary mask showing internal holes (top center), and mask after closing (top right). (Left) A single leaf isolated from the background after contour detection and petiole removal, providing a clean blade outline for morphometric measurements. (Down) Visualization of bounding rectangle detection: (a) original leaf, (b) binarized image, (c) after petiole removal and (e) final bounding rectangle of the blade.

	 

	For each leaf contour, the blade was isolated, the petiole was removed and the area, length, width, and half-widths were computed. All pixel-based measurements were converted to millimeters using the mean scaling factor derived from the four calibration squares:

	[image: Image]

	Where Si denotes the area (pixels) of the i-th calibration square contour, as returned by cv2.contourArea.

	Contour sorting and leaf isolation

	The ordering of contours produced by OpenCV does not correspond to a natural reading order. To organize the detected objects into rows and columns, a multistep sorting procedure was implemented.

	For each bounding rectangle, all other rectangles whose centroid y coordinate fell within the vertical extent of the rectangle in question were identified as neighbors. Only those groups that contained the maximum number of neighbors were retained; singletons were excluded. Within each surviving group, elements were sorted in ascending order by the x coordinate of their centroid. Groups were ordered in ascending order of the y coordinate of the centroid of their first element. The indicators were re-assigned to reflect the row-wise, left-to-right sequence.

	After sorting, an individual leaf could be isolated by masking all pixels outside its corresponding contour.

	Measurement of area, length, and width

	For each isolated leaf, the following operations were performed: The bounding rectangle M of the leaf contour was obtained.

	A square canvas B = 255 1n×n×3 was constructed, where 1n×n×3 is a three-dimensional unit tensor.

	The leaf, still containing its petiole, was placed on canvas B using the mask de-rived from the contour. The morphological opening was then applied to detach and remove the petiole (Fig. 2c).

	The contour of the isolated leaf blade was recomputed; its bounding rectangle was determined, and the width and height of this rectangle were taken as the trans-verse and longitudinal dimensions of the blade, respectively.

	The area of the contour of the blade was calculated using cv2.contourArea. All linear and area measurements were subsequently converted to millimeters and square millimeters using the scaling factor PIXELS_PER_1mm.

	All extracted values were stored in a pandas DataFrame.

	 

	Width of the left and right leaf halves

	To obtain the width of each half of the leaf, which was the primary metric for assessing fluctuating asymmetry, a dedicated algorithm was applied to the grayscale image of the isolated leaf after removal of petiole. The image was binarized with an empirically determined threshold and small noise was eliminated by morphological opening. Edges were detected with the Canny detector. The external contours were identified and filtered by area, retaining only those whose area exceeded a minimal threshold. The surviving contours were sorted from left to right. For each valid con-tour, the minimal bounding rectangle was computed; the width of this rectangle yielded the width of the half-leaf. The output was a two-element array containing the widths (mm) of the left and right halves (Fig. 1).

	Validation of leaf area measurements

	A separate scan comprising ten leaves was used to compare the digital method with two conventional approaches:

	Pallet method: The leaf was placed on millimeter graph paper and the number of whole and partial squares within its outline was counted manually (Moiseichenko et al. 1994).

	Geometric formula: B = L × W × K, where L is blade length, W is maximum width, and K is a dimensionless shape correction factor (0.6–0.75 for most plants; approximately 0.785 for elliptic leaves) (Cândea-Crăciun et al. 2018). The digital area was determined according to the procedure described above.

	The automated image processing pipeline was written in Python 3 (version 3.9) and was built primarily on OpenCV (version 4.5) for all contour detection, morphological operations, and geometric measurements. Numerical data was organized and exported using pandas. The resulting tabular outputs (area, length, width, half-widths) are fully compatible with any statistical environment. For the present study, all statistical analyzes and publication-quality figures, including Bland-Alt-man plots (Fig. 3) and the PCA biplot (Fig. 4), were produced in R (version 4.3) using packages ggplot2, ggpubr, dplyr and MASS. Both the Python pipeline and the R analysis scripts are available from the corresponding author upon request and will be deposited in a public repository upon acceptance.

	[image: Image]

	Figure 3. Bland–Altman comparison of leaf area measurement methods. Difference plots of (A) the digital minus pallet method and (B) the digital minus geometric formula. The solid horizontal line indicates the mean bias; dashed lines represent the 95 % limits of agreement (mean ± 1.96 SD). The pallet method systematically overestimates the leaf area, where-as the geometric formula shows wide, unpredictable scatter.

	 

	Results

	The pipeline processed all six scanned sets without a single failure in contour detection or sorting. For every scan, the four calibration squares were correctly identified, the leaves were ordered row by row just as they lay on the template, and the petiole-removal step left clean blade outlines. Table 1 shows the length, width, and area of the five leaves from Fig. 1, produced entirely automatically, from a raw scan to a filled pandas DataFrame.

	Validation of leaf area measurement. We compared the digital method against the pallet method and the geometric formula using the ten leaves validation set (see also Table 2). A Bland-Altman analysis (Fig. 3, Table 3) revealed a mean bias of –2.03 cm² (95 % agreement limits: –3.58 to –0.48 cm²) for Digital – Pallet, con-firming the systematic overestimation by manual partial square counting. For the Digital – Geometric formula, the bias was much smaller (–0.32 cm²), but the limits of agreement were wide (–2.02 to +1.38 cm²), reflecting the erratic performance of a fixed shape correction factor when leaf outlines deviate from an ideal ellipse. Thus, the contour-based digital method is both more accurate and more precise.

	 

	Table 1. Morphometric traits of the five leaves of Siberian elm measured by the digital method

	 

	
		
				leaf_id

				Height (mm)

				Width (mm)

				Area (mm2)

		

		
				0

				84.50

				44.58

				2315.91

		

		
				1

				84.17

				43.42

				2279.78

		

		
				2

				70.08

				40.17

				1741.81

		

		
				3

				69.50

				35.67

				1590.30

		

		
				4

				63.25

				37.33

				1468.80

		

	

	 

	Table 2. Leaf area (cm²) determined by three methods for the validation set

	 

	
		
				Leaf No.

				Pallet (cm² grid)

				Geometric formula

				Digital method

		

		
				1

				11.77

				11.50

				10.92

		

		
				2

				16.33

				11.25

				12.56

		

		
				3

				15.07

				13.75

				12.25

		

		
				4

				16.06

				15.25

				13.99

		

		
				5

				17.19

				16.25

				14.50

		

		
				6

				14.20

				13.00

				11.65

		

		
				7

				12.48

				11.50

				10.15

		

		
				8

				12.72

				12.00

				10.64

		

		
				9

				13.35

				12.00

				10.90

		

		
				10

				13.42

				12.25

				10.67

		

	

	 

	Table 3. Bland-Altman agreement statistics for leaf area (cm²) measured by the three methods (n = 10)

	 

	
		
				Comparison

				Mean bias (cm²)

				95 % limits of agreement

		

		
				Digital – Pallet

				–2.03

				–3.58 to –0.48

		

		
				Digital – Geometric formula

				–0.32

				–2.02 to +1.38

		

	

	 

	Fluctuating asymmetry analysis of the full dataset. For all 60 leaves from the six scans, the pipeline automatically extracted the width of the left and right halves (see Fig. 1). We used the signed difference D = R – L (mm) to determine the type of asymmetry. The distribution of D was not significantly different from normal (Shapiro–Wilk W = 0.98, p = 0.37). The mean of D did not deviate from zero (one-sample t-test: t59 = 0.62, p = 0.54), ruling out directional asymmetry. Hartigan’s dip test for unimodality was not significant (D = 0.03, p = 0.92) and kurtosis was close to zero (–0.12, SE 0.30), indicating that there was no asymmetry. The bilateral variation in the studied leaves, therefore, conforms to the canonical definition of fluctuating asymmetry (FA).

	Five common FA indices were calculated and compared (Table 4). All absolute-difference indices showed the expected positive skewness. A weak but significant allometric effect was present for FA1 (|R–L|): regression on average leaf width gave β = 0.21, p = 0.03. The size-scaled indices FA3 and FA4 eliminated this effect (correlation with leaf area r = 0.09 and 0.12, respectively; p > 0.4) and were highly intercorrelated (rs = 0.98). For subsequent analyzes we used FA3 = |R–L| / [(R+L)/2].

	 

	Table 4. Descriptive statistics and Spearman correlations among five FA indices for 60 leaves

	 

	
		
				Index

				Formula

				Mean ± SD

				Median

				Correlation with FA3

				Correlation with leaf area

		

		
				FA1

				|R – L|

				1.24 ± 0.78

				1.10

				0.88

				0.21

		

		
				FA2

				(R – L)²

				2.13 ± 2.52

				1.21

				0.79

				0.24

		

		
				FA3

				|R – L| / [(R+L)/2]

				0.031 ± 0.020

				0.027

				–

				0.09

		

		
				FA4

				|R – L| / leaf width

				0.031 ± 0.020

				0.027

				0.98

				0.12

		

		
				FA5

				Residual of FA1
~ size      

				0.00 ± 0.74

				–0.12

				0.84

				0.00

		

	

	 

	Measurement error and repeatability. Twenty leaves were rescanned on three different days, and all traits were reextracted. Intraclass correlation coefficients (ICC, absolute agreement) and the percentage of technical error of measurement (%TEM) are given in Table 5. For single traits, the ICCs exceeded 0.99, indicating excellent repeatability of the pipeline. The ICC for the composite FA3 index was 0.921, with a %TEM of 8.45 %, confirming that the biological asymmetry signal dominates over the measurement noise. A mixed effect ANOVA with the side (left/ right) as a fixed factor and the identity of the leaf and leaf × side interaction as random effects produced a significant interaction (F19,40 = 4.22, p < 0.001), demonstrating that the variance of non-directional asymmetry is significantly larger than the technical measurement error.

	Shape-based asymmetry. Complete blade contours (400 points per leaf) were subjected to an elliptic Fourier analysis with 20 harmonics. After Procrustes super-imposition of reflected outlines, the first principal component of the asymmetric Fourier coefficients (aPC1) explained 34.7 % of the asymmetric shape variation. aPC1 was more heavily loaded on differences in the blade-tip angle and uneven serration density between sides. aPC1 scores were significantly correlated with the size-scaled FA3 index (Spearman rs = 0.62, p < 0.001), indicating that the simple half-width metric captures a large fraction of the overall shape asymmetry, while still leaving a portion of independent shape information.

	 

	Table 5. Measurement error estimates for key morphometric traits (n = 20 leaves, three repeated scans)

	 

	
		
				Trait

				ICC (absolute agreement)

				%TEM

		

		
				Leaf area

				0.998

				1.52

		

		
				Blade length

				0.997

				1.03

		

		
				Blade width

				0.996

				1.14

		

		
				Left half-width

				0.994

				1.77

		

		
				Right half-width

				0.995

				1.69

		

		
				FA3

				0.921

				8.45

		

	

	Integrative multivariate analysis. A principal component analysis (PCA) of the five size traits (area, length, width, left half-width, right half-width; all 60 leaves) is summarized in Fig. 4 and Table 6. The first two PCs explained 93.2 % of the total variance. PC1 (78.9 %) represents the overall leaf size, with all traits loading positively and strongly. PC2 (14.3 %) is a bipolar axis that contrasts the left and right half-widths (loadings +0.42 and –0.40, respectively), i.e., an asymmetry dimension. Individual FA3 values were strongly correlated with PC2 scores (r = 0.91, p < 0.001), confirming that the simple half-width index is an excellent proxy for the multivariate asymmetry signal.

	 

	Table 6. Loadings of the first two principal components of leaf morphometric traits (n = 60)

	 

	
		
				Variable

				PC1 (78.9 %)

				PC2 (14.3 %)

		

		
				Leaf area

				0.95

				–0.08

		

		
				Blade length

				0.89

				–0.12

		

		
				Blade width

				0.96

				–0.01

		

		
				Left half-width

				0.88

				+0.42

		

		
				Right half-width

				0.89

				–0.40

		

	

	Finally, a linear mixed effects model was fitted to the half-width data (n = 60 leaves), with the side as a fixed factor and the leaf as a random effect. Fixed side effects were negligible (β = –0.04 mm, p = 0.51). The random leaf SD was 5.71 mm, and the residual SD was 1.18 mm, giving a ratio of symmetric between-leaf variance to total variance of 0.959. Only about 4 % of the total variation in half-width was due to within leaf (asymmetry + measurement) sources. A likelihood ratio test comparing the complete model with one without a leaf × side interaction was highly significant (χ²1 = 14.3, p < 0.001), formally confirming that the observed fluctuating asymmetry is genuine and distinguishable from random measurement noise.

	All extracted metrics, derived FA indices, and shape asymmetry scores are fully reproducible and were generated without any manual intervention, demonstrating that the pipeline provides a solid foundation for high-throughput, operator-independent assessment of leaf fluctuating asymmetry.

	 

	[image: Image]

	 

	Figure 4. Principal component analysis of leaf morphometric traits (n = 60 leaves). Biplot of PC1 (78.9 % variance, size axis) versus PC2 (14.3%) variance, asymmetry axis) with variable loadings shown as vectors. The points are colored according to the size-scaled fluctuating asymmetry index FA3 = |R–L| / [(R+L)/2]; warmer colors indicate higher asymmetry. PC2 contrasts the left and right half-widths, confirming that this simple index captures the dominant asymmetry dimension.

	 

	Discussion

	The pipeline we have described successfully automates the extraction of leaf area, longitudinal and transverse dimensions, and left-right half-widths from scanned images of Siberian elm. By combining calibration, contour sorting, petiole removal, and measurement into a single Python–OpenCV script, it moves decisively beyond semiautomated tools that still require manual segmentation, scale setting, or data transcription. The modular design, with built-in visualization at each stage, allows users to verify processing quality and fosters confidence in the automatically calculated numbers.

	Area comparisons with pallet counting and the geometric formula highlight the precision of the digital method. Pallet counting consistently overestimates area because operators, faced with partial squares on graph paper, tend to round up, a source of bias that has been acknowledged in the manual measurement literature (cf. Weight et al. 2007). The geometric formula B = L × W × K can either over or undershoot depending on how closely the real leaf outline matches the idealized ellipse assumed by the correction factor k (Cândea-Crăciun et al. 2018). On the contrary, our contour-based approach, using the shoelace formula implemented in cv2. contourArea, integrates the true leaf boundary without assuming any generic shape. This fidelity is especially important when the goal is to detect subtle, stress-induced changes in leaf shape that can only a few percent of the total area.

	Crucially, automated extraction of left and right half-widths provides the raw values needed for the FA calculation. However, as the current pipeline stands, it supplies the half-width pair, but does not yet perform the statistical tests necessary to distinguish FA from directional asymmetry or asymmetry. Erofeeva and Yakimov (2020) and Alves-Silva et al. (2018) have stressed that such verification, like checking whether the distribution of (R − L) is normal and centered on zero, is essential before interpreting asymmetry as a developmental stability indicator. In field conditions with complex pollution gradients, the type of asymmetry can shift, and a naive FA index could misrepresent the actual stress response. A straightforward extension of the pipeline would be to add an automated module that performs these diagnostic tests and reports the asymmetry classification alongside the measured widths. This would bring the workflow closer to the comprehensive framework out-lined in the literature, where asymmetry type classification is a formal step (Erofeeva & Yakimov 2020; Alves-Silva et al. 2018).

	Several limitations of the current pipeline warrant discussion. The system requires perspective-free scanned images and a dedicated calibration template. Because the scale factor is derived from four corner squares, any perspective distortion (common in handheld photographs) would break the constant pixel per millimeter assumption. The solution is not conceptually difficult: automatic keystone correction or the use of a calibration pattern robust to perspective could be incorporated, as has been proposed for other leaf measurement tools (Weight et al. 2007; Graham et al. 2015). The petiole removal step, based on morphological opening, works well for the relatively smooth petioles of Siberian elm, but may need parameter adjustment for species with deeply cordate or lobed leaf bases.

	More broadly, the mixed evidence for leaf FA as a universal stress indicator calls for caution. Our own validation tested only area measurement accuracy; we did not experimentally manipulate stress levels. Studies that did not find an FA–stress relationship, such as Zverev et al. (2018) on birch and Sandner and Matthies (2017) on Silene vulgaris, used controlled glasshouse conditions and multiple types of stress. These results remind us that FA is not a one-size-fits-all metric. Its sensitivity depends on sample size (Alves-Silva et al. 2018), the choice of morphological trait (Sandner et al. 2019), and likely on species-specific developmental buffering mechanisms. For the Siberian elm, the encouraging precedent set by Møller (1999) on the Wych elm Ulmus glabra suggests that the species may be a responsive indicator, but direct experimental validation under controlled stress regimes is still lacking. Therefore, while our pipeline provides the measurement infrastructure for high-throughput FA studies, its ecological conclusions will only be as robust as the experimental designs and statistical safeguards that accompany its use.

	Future development will proceed in two directions. First, we plan to incorporate automated vein detection, possibly through deep learning segmentation, to capture the remaining traits of the Zakharov protocol, namely vein lengths, distances between vein junctions, and vein-midrib angles (Zakharov & Klark 1993; Zakharov 2003). Second, we intend to package the pipeline into a web service or standalone desktop application with a graphical interface, so that field ecologists without programming skills can upload scans and download formatted tables. Such a tool, coupled with automated asymmetry-type verification, would bring the full proposed framework (Weight et al. 2007; Backhaus et al. 2010; Erofeeva & Yakimov 2020) into routine practice. The algorithms presented here provide a robust foundation for that goal, demonstrating that computer vision can transform leaf morphometry from a subjective manual art into a reproducible high-throughput science.

	 

	Conclusion

	A fully automated computer vision system was designed, implemented, and validated for the morphometric analysis of the blades of Siberian elm. The pipeline integrates calibration, contour sorting, petiole removal, and the calculation of blade length, width, area, and widths of the left and right halves. Digital area measurements proved to be more accurate than those obtained by pallet counting or the geometric formula, as they eliminate subjective estimation and rely on exact con-tour geometry. The approach substantially reduces the manual workload associated with traditional fluctuating asymmetry protocols and ensures the reproducibility of extracted trait values, two prerequisites for robust ecological monitoring.

	Although the present work focuses on a single species and currently requires scanned, perspective-free images, the algorithms are modular and can be adapted to other taxa with comparable leaf architecture. Future development will address the compensation of perspective distortion, extending the pipeline to field photographs taken with handheld cameras. Further work will aim to automate the remaining vein-based traits frequently measured in leaf asymmetry studies. Packaging the pipeline as a web service or a desktop application with a graphical interface will make high-throughput, operator-independent morphometry accessible to ecologists and environmental managers without programming expertise. The results presented here establish a solid foundation for automated analysis of fluctuating asymmetry and demonstrate the practical value of computer vision in quantitative bioindication.
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