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ABSTRACT

Background and Aims: Leaf area index (LAI) is an important parameter to support vineyard management decisions. However,

the common indirect methods for LAI measurement using imagery pose signifcant challenges, including over-estimation,

impracticality in block-level LAI mapping, and interaction with non target foliage.

Methods and Results: This study proposes a method to map the LAI based on side-view imagery collected continuously by

mounting a smartphone on a farm vehicle. The proposed method frst estimated the absolute leaf area (LA) for the trunk-to-trunk

area of each vine based on the Beer–Lambert law and then calculated the LAI by dividing this by the ground surface area. The LAI

estimation from the side view was evaluated against the LAI from the traditional bottom–up view imagery and the direct de-

structive LAI measurements. Data were collected at four diferent dates during the season from a vineyard in Australia. Results

showed a near 1-to-1 relationship between the proposed LAI method and the direct LAI measurements with a mean absolute error

(MAE) of 0.2, whereas the traditional bottom–up view imagery showed an overestimation error with a MAE of 0.4, suggesting

a need to introduce a calibration procedure specifc for the vineyard. The R2 value of the proposed LAI method and LAI from

a destructive assessment ranged from 0.75 to 0.94.

Conclusions: The proposed LAI method demonstrates the capability to robustly and continuously map the vine-level LAI for the

whole block easily and efciently.

Signifcance of the Study: This method ofers an easy and inexpensive option for vineyard managers to use maps of LAI to

support informed decision making.

1 | Introduction

Knowledge of grapevine canopy size and resulting light in-

terception is a useful parameter to support a range of vineyard

management decisions that afect productivity and fruit quality

[1–3]. LAI is used in the calculation of the crop coefcient (Kc) as

an aid to irrigation scheduling [4, 5] and to relate canopy size to

grape and wine style or quality [2, 6]. Canopy size is normally

presented as LAI, the total one-sided leaf area per unit of ground

surface area [3]. The direct assessment of a canopy leaf area can

be arduous, involving defoliation and manual measurement of

leaves using a scanner or similar. Outside of a research, setting

this precludes its direct measurement on a large scale, for ex-

ample, to map leaf area across a vineyard or for regular as-

sessments to support management decisions.
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Environmental variation withing the vineyard, especially variation

in the soil, its depth, and water holding capacity, impacts on vine

growth and canopy development [7]. Maps of canopy size across

a vineyard can be used to select sections of the vineyard with

specifc characteristics; depending on the environment and the

timing of the assessment, canopy size can relate to yield and fruit

composition [8, 9]. The maps can also be used as a guide to aid

manual sampling, for example, to improve the accuracy of yield

estimation [10]. Traditionally, maps of canopy size have been

collected using remote sensing [11, 12] and have been calculated

using refectance in the visible and near-infrared spectrum to

calculate indices such as the normalized diference vegetation

index (NDVI) and plant cell density (PCD) [7]. Remote sensing of

canopy size ofers a cost-efective option for grape growers to

collect this information; but generally, this is an extra task that

requires specialist permits and equipment for the collection and

processing of data [12–14]. For example, in Australia, the use of

an unmanned aerial vehicle in a commercial setting requires

licensing [15] and specialist software for image processing and

analysis. Across an individual site, the NDVI is driven by the

canopy size as measured by the planimetric leaf as opposed to

the LAI; however, all of these measures are correlated

(R2 > 0.75) [16]. Unfortunately, the relationship between

spectral indices and LAI is curvilinear which means that for

larger canopies (and especially those from sprawling vines),

diferences in LAI between larger vines may be difcult to

distinguish using spectral measures [16].

For row crops such as grapevines, the spectral signature from the

interrow space can interfere with the accurate calculation of the

spectral index when the data are collected from a nadir view [9].

When the spatial resolution of the sampling is high enough, the

pixels that represent the interrow space can be removed from the

analysis [17]; however, for lower resolution images such as those

provided by satellites, this option is not available. This means

that grape growers often need to rely on higher resolution im-

agery collected from fxed wing planes or unmanned aerial ve-

hicles [7], which also comes at a higher cost.

High- and low-refectance targets of known spectral character-

istics can be used to calibrate spectral indices and allow absolute

values to be calculated that are consistent between sampling

events (e.g., [16]). This is rarely completed in either a research or

commercial context and results in the spectral index acting as

a map of the relative variation in canopy size across a manage-

ment unit as opposed to absolute values [7]. This limits the

usefulness of thesemeasurements to the identifcation of sections

of the vineyard with larger and smaller canopies and, as these

patterns are temporally stable between seasons [9], a dataset can

be used for many years unless management practices are

changed. The use of the relative measurement of canopy size

means that the absolute range of canopy size (e.g., between the

smallest to largest vines in the block) is not known, reducing the

ability of the grower to make assured decisions. The relative data

are often displayed in percentiles which highlight the relative

canopy size, but in some cases, this may exaggerate the variation

across the block as the absolute variation in canopy size may not

be meaningful in a management context. This means that direct

assessments are needed to validate variation across a block. The

measurement of absolute canopy size ofers the potential to

realize additional value from the data; this includes its use as an

aid to irrigation scheduling [18, 19] or the benchmarking of

canopy size as a trigger for canopy management practices that

aim to optimize fruit quality [20].

Unmanned aerial vehicles have been widely used by researchers

to survey vineyards. These systems normally rely on standard

(red-green-blue) cameras to collect images at high resolution and

generate point clouds which can be used to quantify canopy size

and shape and estimate LAI [21, 22]. This approach avoids the

interference from plants growing in the inter-row but requires

specialist software for data processing and licensing of the UAV

operator as described above. In a similar manner, ground-based

laser scanning (LiDAR) canmeasure canopy size and density and

estimate LAI [22–24]. These systems generally include a very

accurate mapping capability but once again require expensive

and sophisticated hardware and software for data collection and

processing. Other ground-based platforms are available for the

measurement of LAI, but these also rely on specialist equipment

such as the LAI-2000 (LI-COR, Lincoln, Nebraska, USA),

a ceptometer or a camera with a fsheye lens [25, 26]. None of

these systems readily lend themselves to automated mapping

without extensive custom modifcation that is better matched to

a research context (e.g., [27]). When ground-based platforms are

able to collect location data to complement estimates of LAI, this

is often completed with a consumer-grade global navigation

satellite system (GNSS) that is limited in accuracy to between 1

and 3m. This limits application to the development of maps of

LAI rather than on an individual row or plant level that is needed

for precisemanagement such as repairing a broken irrigation line

or remedial treatment of trunk disease.

One of the most accessible indirect methods to estimate LAI is

based on the gap-fraction method utilizing digital imagery.

Macfarlane et al. [28] measured LAI in eucalypt vegetation using

both fsheye and nonfsheye digital photography and demon-

strated a strong correlation with direct measurements. Fuentes et

al. [29] improved this method by automating LAI image analysis

for an Australian eucalyptus woodland and extended this ap-

proach by developing a smartphone application VitiCanopy to

estimate the LAI using upward-looking (bottom–up) digital

images [30, 31]. Results from VitiCanopy on grapevines showed

robust correlations with traditional methods including LAI-2000

and direct measurements. Confalonieri et al. [32] have also

developed a smartphone application which estimates LAI based

on the gap fraction and the projection function via automatic

processing of images acquired below the canopy. The perfor-

mance from the app was evaluated in a scatter-seeded rice feld

and with results demonstrating correlation with measurements

from a LAI-2000 and a ceptometer. Orlando et al. [33] extended

the application of this app to vineyards and converted the LAI

value from the app to vineyard LAI. The results have been

compared with hemispherical photography and direct mea-

surements, which showed good correlation (R2 = 0.94). How-

ever, the results showed constant overestimation, which

indicated the need of a correction factor specifc for vineyards.

Most of these camera-based methods rely on imagery from

a limited section of the plant to represent the whole plant for the

calculation of LAI, thus potentially compromising accuracy.

These approaches also require the operator to manually take

photos below the canopy and then process them, which is dif-

fcult to automate if large areas need to be mapped and may lead

to operator error [31]. Pagliai et al. [22] also used a smartphone to

collect images from a position perpendicular to the vine row that
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were then processed into a point cloud to estimate canopy di-

mensions and LAI. This system required 150–200 images from

each side of the canopy and is unlikely to be suitable for mapping

LAI across a vineyard. Vehicle-mounted LiDAR systems have

been developed for evaluating tree or vine canopies [35, 36].

However, establishing a reliable relationship between LiDAR-

derived leaf volume and LAI remains a challenge, as it requires

predefned calibration parameters for each vineyard—parameters

that may also vary across diferent seasons [37].

Mobile phones have recently been released with dual frequency

GNSS receivers (band L5 in addition to L1) with the expectation

that this will improve the accuracy of the GNSS [38]. This

provides the opportunity to use a mobile phone as the survey

instrument as it can both survey canopy using the onboard

camera and relatively accurately map the sample locations.

Given the potential benefts of the measurement of the ab-

solute leaf area as opposed to relative spectral indices, we

aimed to develop a system that would allow a smartphone

camera mounted on a vineyard vehicle to continuously cap-

ture side-view images with relatively high locational accuracy.

The frst contribution of this paper is the development of this

system with a focus on automated vine-level sensing across an

entire vineyard block. This was supported by an evaluation of

the ability of the smartphone to provide vine-level positioning

accuracy. The second contribution is a method for converting

side-view vine imagery to leaf area to form the basis for the

system. Evaluation was completed by comparing the image-

based method and quantitative data from destructive sam-

pling. Finally, a qualitative evaluation of the leaf area at four

stages of canopy development within a season was undertaken

to demonstrate the practical application of the system. The

expected outcome is that this system will provide an in-

expensive option for grape growers to assess spatial variation

in canopy growth and development with standalone com-

mercially available smartphones.

2 | Materials and Methods

2.1 | Data Collection

All data were acquired from a vineyard located in Nuriootpa,

in the Barossa Valley of Australia (34°28′34.7″S 139°00′44.2″

E) (Figure 1(a)). The vineyard is spur pruned where grape-

vines retain a pair of permanent bilateral cordons trained

along a single wire and the canopy was allowed to sprawl

during the growing season (Figure 1(b)). In total, the vineyard

consists of 49 east-west orientated rows and each row nor-

mally consists of 82 vines, with row spacing of approximately

3 m and vine spacing of 2.25 m. Note that the shorter rows on

the southern side of the vineyard were not included in the full

block data.

The proposed imaging system consists of two Samsung S21þ

phones (Samsung Electronics Co. Ltd., Maetan-dong, Suwon,

South Korea), which were horizontally mounted on a trailer

linked to a farm vehicle. Although four cameras were seen in

the fgure to evaluate diferent viewing angles, only the two

horizontally mounted cameras were ultimately used for data

collection, as they provided sufcient coverage for the

intended application. The vehicle travelled forward at ap-

proximately 8 km/h with the mobile phones facing left and

right (Figure 2). Mounting the phones on the trailer allowed

them to be located close to the ground to minimise in-

terference in the image of vines from the neighbouring row

(Figure 3); the trailer also minimized changes in the phone’s

orientation due to bumps or undulations in the vineyard

surface. The data collection was completed through a custom

app [39] that captures approximately fve images per second

with a resolution of 1280 × 720 (W ×H) (Table 1). The images

were manually transferred to an ofine computer for pro-

cessing; the app could be further developed to allow real-time

estimation and mapping of vineyard of LAI in a similar

manner to Tang et al. [39].

(a) (b)

FIGURE 1 | The study vineyard. (a) Aerial view with the yellow dashed rectangular box, full block data collection area; red dashed rectangular box,

validation data collection area; and blue dot lines, iPhone full block data collection rows and GNSS positioning survey rows. (b) Example of the

surveyed vines.
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The data collection was conducted between 5th November 2021

(2021-11-05) and 25th February 2022 (2022-02-25) which covered

vines from EL-12 stage to EL-37 stage (Table 2, Figure 3). Data

were captured for the whole block within 2–3 days of the

nominated sample date. The number of images from each date

collected by both cameras was around 70,000 images, which can

(a) (b)

FIGURE 2 | The imaging system. (a) Trailer carrying the array of imaging sensors; note that this manuscript focuses only on the horizontally

mounted mobile phones. (b) Two mobile phones mounted. Two phones were used as part of method development, but only one phone would be

required for surveying.

(a) (b)

(c) (d)

FIGURE 3 | Example images on each data collection date (diferent vines shown). (a) 2021-11-05. (b) 2021-11-25. (c) 2021-12-17. (d) 2022-02-25.
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cover a vineyard block with approximately 4000 vines and

a corresponding total fle size of around 64 GB.

2.2 | Method Validation: Direct LAI Measurement

The direct measurement of leaf area was based on the correlation

between leaf area (as measured using a scanner) and dry weight

[30, 40]. Leaves were removed from 27 vines across a range of

dates (Table 3) from the rows indicated in red dashed lines in

Figure 1. Immediately prior to this destructive sampling, images

were collected of both sides of the vines (for the proposed

method) and from the bottom–up view (for the traditional

method) (Figure 4). In this study, “south” means a camera facing

south and “north” means a camera facing north, as the study

block is located in the southern hemisphere with images facing

north will be facing towards the equator.

2.3 | Traditional Method: Bottom–Up View LAI
Data Capture

A popular indirect method to estimate grapevine LAI is to use

bottom–up view imagery [29, 30]. To compare the proposed

method with the traditional method, the front facing camera

of an iPhone was used to capture bottom–up view images on

the same dates (Table 3, Figure 4) for both the validation data

collection rows and the iPhone full block data collection rows

(Figure 1(a)). The iPhone was placed below the cordon and

orientated so that the cordon was central to the image. Due to

the feld of view, bottom–up view imagery only covering part

of the vine (compared to the whole trunk-to-trunk region for

the side-view imagery, see below); this portion of the vine was

used to calculate LAI to represent the whole vine.

The LAI estimation for the vine using bottom–up view imagery is

based on the canopy gap fraction method following the Beer-

–Lambert law and assuming that the foliage is randomly distributed

in space [28–30]. In detail, the bottom–up view images were frst

converted to binary images by autothresholding the blue

channel in RGB [29] with black pixels as foliage and white

pixels as sky (Figure 5(b)). Following the method in [29], each

binary image was then divided into 8 by 8 tiles to calculate the

efective LAI as follows:

ff = 1 −
tg
tp
, (1)

fc = 1 −
lg
tp
, (2)

Φ = 1 −
ff
fc
, (3)

LAIM = −fc
lnΦ

k
, (4)

Ω(0) =
(1 − Φ)ln 1 − ff( )

lnΦ × ff
, (5)

LAIe = LAIM × Ω(0), (6)

where ff is the foliage projective cover, tg is the total gap (sky)

pixels in all tiles which is the sum of all white pixels in all

tiles, tp is the total pixels of the image which is the sum of total

pixels among all tiles, fc is the crown cover, lg is the large gap

pixels where the gap (sky) pixels are considered as large gap

when the ratio between the sky pixels and the foliage pixels is

larger than a threshold value, Φ is the crown porosity, LAIM is

the measured LAI, k is the light extinction coefcient

(0 > k > 1), Ω is the clumping index at the zenith angle 0, and

LAIe is the efective LAI.

The large gap threshold in this study was set as 0.75 in line with

the value in other literature [29, 30]. The light extinction co-

efcient (k) is set as 0.7, since this value has been described to be

the most accurate for grapevine canopies [41]. De Bei et al. [30]

also statistically tested fve diferent methods to obtain the k

value for grapevines and the results have indicated a common

k= 0.7 rendered very good results.

2.4 | Proposed Method: Side-View Trunk-to-Trunk
LAI Measurement

A novel approach was used for LAI measurement based on side-

view imagery. It is difcult to distinguish the boundary between

vines along and between vineyard rows and, to overcome this, the

LAI measurement used the canopy between two adjacent vine

trunks and the cordon as the measurement unit. This was

TABLE 2 | Summary of the side-view image dataset collected using the Samsung S21þ and include the date of capture, the timing of capture, and the
phenological stage when images were collected and number of images.

Date (Y-M-D) Timing (ACDT) Stage of development No. of rows No. of images1

2021-11-05 14:46 to 16:47 6 leaves separated (EL-13) 43 36,289 (left2)þ 36,431 (right2)

2021-11-25 11:29 to 13:15 80% cap fall (EL-25) 43 31,568 (left)þ 31,667 (right)

2021-12-17 11:00 to 12:35 Beginning of bunch closure (EL-32) 43 28,561 (left)þ 30,764 (right)

2022-02-25 10:07 to 12:09 Berries not quite ripe (EL-37) 43 36,560 (left)þ 34,144 (right)
1Image numbers per day vary with vehicle operation (exact speed and turning time); and per side depending on camera operation and running time.
2Cameras are designated left and right as their orientation changes depending on the direction of travel.

TABLE 1 | Description of the imaging system.

Data collection system

Timing Day

Type RGB

Camera Samsung S21þ

Field of view 120° (12MP ultra-wide camera)

Resolution 1280 × 720 pixels (W ×H)

Speed 8 km/h

Frequency ∼5 images per second

Images per vine 6.3
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efective as the planting distance between trunks along a row is

consistent, but it meant that the cordons (representing half

a vine) at each end of the rows were excluded from the results.

2.5 | Image Preprocessing Pipeline

The image preprocessing pipeline is shown in Figure 6, with the

frst step being data collection at 5 FPS. The second step was to

identify images where the section between adjacent trunks was

centred in the image. Trunk detection was applied to all images

using a YOLOv5s [39, 42] model and, for the images that con-

tained two trunks, a local minimum algorithm was used to

identify images where the pair of vine trunks was located in the

centre. The trunk detection object detection model was specif-

ically trained not to detect the trunks in the next rows. The

pipeline was designed to identify images only containing both

trunks centrally located within the frame; therefore, images

captured outside of the vine rows will be excluded and do not

afect the performance.

(a) (b)

(c) (d)

FIGURE 4 | Example iPhone images on each data collection date (diferent vines shown). (a) 2021-11-05. (b) 2021-11-25. (c) 2021-12-17.

(d) 2022-02-25.

TABLE 3 | Summary of ground-truthing vines from rows indicated
with red dashed lines in Figure 1.

Date (Y-M-D) Timing
Number of

vines
Direction of

camera

2021-11-05 15:27 9 North and south

2021-11-25 13:41 6 North and south

2021-12-17 12:43 6 North and south

2022-02-25 12:42 6 North and south
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(a) (b)

FIGURE 5 | LAI measurement for iPhone imagery, traditional bottom–up method. (a) Original iPhone image; (b) 8 by 8 tiles superimposed on the

binary thresholded image.

Step 1: data collection

Step 2: trunk detection on all images and select
images that contain two trunks

Step 3: identify shoot section above the cordon line
and rotate the images

Step 4: color thresholding for the shoot section

Step 5: LAI calculation for the shoot section

FIGURE 6 | The processing pipeline of side-view LAI calculation.

Australian Journal of Grape and Wine Research, 2026 7 of 17



Once the trunks were identifed, their locations were used to

demarcate to the box that encompassed the section of canopy to

be analysed (Figure 7). The middle of the top border of the left

trunk box to the middle of the top border of the right trunk box

denoted the lower and left and right boundaries of the

analysis box.

In Step 3, the height of the canopy box was set at a fxed value; the

key point was to ensure that it contained the full canopy and was

consistent across all images. For this camera, image and vine

confguration a height of 350 pixels was determined by obser-

vation and used consistently at all growth stages. Inclusion of

additional noncanopy area well beyond the top of the canopy

does not afect the calculation so the canopy box height may be

set conservatively. The canopy box may even extend virtually

beyond the image boundaries if the cordon is in the upper part of

the image, or the camera is tilted as shown in Figure 7. As the

camera may be tilted due to uneven ground or inaccurate

mounting, as shown in Step 3 of Figure 6, using the top of each of

the detected trunk boxes, the image was rotated about the centre

of the image plane to ensure the cordon appeared horizontal. The

rotation process was applied to selected images containing two

trunks, with a computation time of less than one second

per image.

In Step 4, the images were binarized using a threshold in the

blue channel of the RGB images to distinguish between leaf

and nonleaf elements [29]. Finally, the canopy box was sub-

divided into 8 by 8 tiles and in each the leaf area was estimated

using the method below. Increasing the number of tiles in the

canopy box beyond this did not signifcantly impact the results

and mirrored the number of tiles used in the LAI calculation

for the bottom–up view imagery [28].

2.6 | Leaf Area Estimation

The analysis of LAI from images is based on the Beer–Lambert

law (using a turbid medium analogy) and its underlying as-

sumption that the leaves are randomly distributed. Most foliage

elements exhibit nonrandom distribution in space [43] and, in

vineyards, the leaves are “clumped” along the cordon. By

dividing the sample area (canopy box) into small tiles, we in-

crease the likelihood that leaf distribution is consistent within

each tile and can sustain this assumption better than applying it

across the entire sample area. Thus, the clumping index was not

explicitly considered during the analysis, i.e., (Ω(0) = 1) [44].

Hence, the full area of the canopy box (Area) is divided into N

small tiled areas, each of Areai (i = 1 ∼ N), where the foliage is

assumed to be randomly distributed in each tile.

In each tiled area, the canopy gap fraction Pi(θ) is calculated

simply from the number of leaf pixels.

Pi(θ) = 1 −
number of  leaf   pixels in Areai

number of  pixels in Areai
. (7)

In prior work, θ denotes the zenith angle and is grounded in the

assumption that a measurement of LAI is made with reference to

the ground plane; historically, measurements have been taken

using a sensor facing vertically upward to measure incident light

as it would be shadow lit to the ground.

Then, taking the Beer–Lambert law, the LAI is calculated for

each tile as

LAIi = −
1

G(θ)
lnPi(θ) · cos(θ), (8)

where G(θ) is the leaf projection function which corresponds to

the fraction of unit foliage area projected in the direction θ. The

direction θ corresponds to the ray traced by centre point of each

tile towards the canopy. For each tile, it is assumed that the

measurement of LAI is being made normal to the direction θ

(thus cos(θ) is 1) and variation in θ within each tile is small. We

make the simplifying assumption that leaf angles are spherically

distributed, therefore G(θ) is a constant 0.5 in all tiles [32, 44].

This LAIi then represents the LAI of the canopy observed within

each tile.

We then use knowledge of the structure of the vines and camera

intrinsic parameters to estimate the leaf area for each tile (LAi).

We can calculate the corresponding width covered by each tile at

the depth of the cordon based on interpolation from the width of

the canopy box and knowledge of the grapevine spacing, the

FIGURE 7 | Trunk-to-trunk canopy measurement (2021-11-05 example).
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latter being 2.25 m in our test vineyard. Making the assumption

the camera pixels are square (or otherwise correcting based on

camera intrinsic parameters) allows calculation of the height of

each tile in pixels and thus the height of the tile when projected

from the camera onto a parallel plane which intersects the

cordon, as shown in Figure 8.

Then, the area of the tile observed on this parallel plane, Ai, is

multiplied by the LAI of the tile (LAIi) so as to determine the leaf

area (LAi) measured from the vine observed within that tile.

2.7 | LAI Calculation

The leaf areawas then summed over all the tiles so as to estimate the

leaf area for the entire trunk-to-trunk section of the canopy. Finally,

to give a consistent measure with the validation data, the estimated

leaf area was divided by the efective ground area of each trunk-to-

trunk section giving the LAI for the corresponding section of the

vine.

LAI =
∑  LAi

row spacing [m] × trunk to trunk length [m]
. (9)

2.8 | Evaluation of GNSS Accuracy From the
Proposed System Based on Geolocated Posts

To investigate the accuracy of the side-view images, 486 posts

across 18 rows of the vineyard block were tagged with red or

yellow tape (Figure 9). All tagged posts were surveyed using real-

time kinematic -global navigation satellite system (RTK-GNSS)

to an accuracy of 0.015 m (Reach RS2, Emlid, Budapest, Hun-

gary). To evaluate the GNSS accuracy of the proposed system,

images that contained a coloured post located close to the centre

of the frame were extracted across all the full-block datasets.

Coordinates for each image were extracted from the fle metadata

and the post location was projected horizontally using half the

row width and assuming the camera was perpendicular to the

row. For each of the 486 posts, the x-y error was calculated by

comparing the projected post location from the images with the

surveyed post location.

3 | Results

3.1 | Evaluation of Side-View LAI Measurement
With Direct Measurement and Traditional
Bottom–Up View LAI Measurement

The LAI calculated from the side-view images (independently

imaged from both sides of the vines) and the bottom–up view

images (one image per vine) were compared to the LAI calculated

from the destructive sampling (Figure 10). As described below, some

datasets from 2021-12-17 appeared to contain outliers due to sig-

nifcant overexposure and these points are shown as unflled shapes.

Side-view LAI showed a strong 1-to-1 relationship with the direct

LAI measurements (very close to the blue dash-dotted 1:1 line)

for images from both sides of the vine (a= 1.00 for south, a= 1.07

for north), whereas the bottom–up view method consistently

overestimated LAI (a= 0.68). There was no signifcant diference

between side-view LAI for south and north. The R2 obtained for

both sides was more than 0.75 with a slope of 1.00, an MAE of

0.20, and a RMSE of 0.31 at p < 0.00001. In contrast, bottom–up

view LAI measurement has a higher R2 of 0.89 but a slope of 0.68

(further away from 1-to-1 line), a MAE of 0.41, and a RMSE of

0.53 at p < 0.00001 (Table 4).

The relationship between side-view LAI and direct LAI was sig-

nifcantly afected by some data collected on 2021-12-17 (Figure 10).

Most images collected on this date had severe overexposure which

resulted in an underestimate of the LAI due to the inaccurate colour

thresholding of leaf pixels as shown in Figure 11. If the signifcantly

overexposed images collected on 2021-12-17 are excluded from the

relationship between indirect measurement and direct measure-

ment, the coherence between side-view LAI and direct LAI mea-

surement is markedly improved (Figure 10). The new R2 values

obtained have increased from 0.75 to 0.94 for south and from 0.77 to

0.93 for north. Meanwhile, both MAE and RMSE have approxi-

mately reduced by 50% (Table 4). The slope for south has slightly

reduced to 0.90, whereas the slope for side B remains at 1.00. Note

that no imagery was removed for bottom–up view analysis.

The evolution of the canopy was described by the LAI mea-

surements throughout the season, spanning from the beginning of

November to the end of February (Figure 12). The LAI values

derived from direct measurements of individual vines in the study

ranged from 0.175 to 2.17. These observations align consistently

with other literature [30, 33, 45]. The full-block data further

confrmed the consistent overestimation by the bottom–up view

LAI, particularly for denser canopy observed from 2021-12-17. In

contrast, the side-view LAI remained consistently closer to direct

measurements across all dates. The slight underestimation for

side-view LAI full block data on 2021-12-17 was attributed to the

overexposure of some of the images. The consistency between the

full-block and ground-truthing side-view LAI data further vali-

dates the robustness of the proposed method, in contrast to the

signifcant discrepancies observed between the bottom–up LAI

estimates for both the full block and the validation surveys.

3.2 | Large-Scale Comparison Between Side-View
LAI Measurement and Bottom–Up View LAI
Measurement

The manual collection of LAI through destructive sampling is

onerous so an additional six full rows of side-view vine images were

8 tiles in red as projected
from the camera view

Camera field of view
centred vertically on
cordon

Cordon height

Smartphone

FIGURE 8 | Cross-section of camera and vine confguration.
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extracted and matched with the corresponding bottom–up view

imagery for the same vines to conduct further comparison on a large

scale (Figure 13, Table 5). For the vineyard-scale dataset, the slope

between side-view LAI and bottom–up view LAI was similar to the

slope between the direct LAI and bottom–up view LAI (as pre-

viously seen in Table 4). Assuming that the bottom–up LAI to direct

LAI relationship remains consistent (as observed in Figure 10), the

side-view LAI method is able to perform well on vineyard scale

datasets, where direct measurement is infeasible.

3.3 | Full Block Comparison Between Side-View
LAI and Bottom–Up View LAI

The full block results of side-view LAI measurements from

images taken between 2021-11-05 and 2022-02-25 from the

south-facing orientation were mapped (Figure 14). The results of

bottom–up view LAI measurements using images collected with

an iPhone on the same dates as the side-view imagery were also

plotted (Figure 15). Due to the manual data collection required

for bottom–up view images, the number of rows collected for this

dataset has been reduced to 18 to represent the whole block.

Maps are provided to show the development of LAI over time and

to identify the scale of the sampling undertaken. Given the

method specifcally identifes individual trunk-to-trunk sections

rather than extrapolating from a subsection of the vine to the

whole vine or interpolating from one vine to adjacent vines, these

maps are presented in point form rather than continuous

surfaces.

To quantitatively assess the efciency of each method, it took

approximately 1.8 h to collect the bottom–up view images for 18

rows by a human operator, whereas it only took around 18 min

to gather data from the same 18 rows by the proposed system

(using the cameras towed at 8 km/h). The bottom–up view

imagery was only collected for every third vine, whereas side-

view LAI collects every vine within the row. In summary, side-

(a) (b)

FIGURE 9 | Example images of posts. (a) Example post with yellow tape. (b) Example post with red tape.
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FIGURE 10 | Relationship between direct LAI measurements and indirect measurements calculated from the side-view and bottom–up-view

images. The trend lines had the outliers from the 2021-12-17 data excluded (outliers). There were two side-view images (from the north and south) and

one bottom-view image collected from each vine. The continuous line represents the regression between direct measurement and indirect measurement
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view LAI is six times faster than bottom–up view LAI and also

collects three times more data.

The temporal trend of the average LAI for the full block data

including both side-view LAI results and bottom–up view LAI

results was similar to the trend for the directly measured LAI

values and corresponding image analysis (Figure 12). There was

no signifcant diference between images collected from south

and north for side-view LAI. The full block bottom–up view LAI

has larger diferences for the images captured on 2021-12-17 and

2022-02-25 compared to other dates, which indicates that the

bottom–up view imagery did not represent the whole block very

well or the number of directly measured ground-truth vines was

too small to provide a sufciently representative sample. Across

all four dates’ data, the bottom–up view LAI for full block still

constantly overestimated the LAI measurements, in a similar

manner to the bottom–up view LAI measurements as part of the

validation process. The side-view imagery provides similar trend

and values to the direct measurements except the data on 2021-

12-17, which has been defned as an outlier discussed in previous

sections.

3.4 | Results of GNSS Accuracy Based on
Geolocated Posts

When the locations of the surveyed posts and the corresponding

images were compared, most diferences are less than 2.25m

(Figure 16, Table 6). The average error and the median error for

all data were 1.97 and 1.56m, respectively (Table 6). The data on

2022-02-25 showed the smallest diference and indicate that 90%

of the data fell below the length of the vines (2.25m). The rest of

the data showed similar accuracy except 2021-11-05.

4 | Discussion

In general, the LAI values using side-view images and those

measured from destructive methods were consistent and a linear

relationship has been observed in the proposed system, with

a coefcient of determination ranging from 0.75 to 0.94,

depending on the inclusion of the data from 2021-12-17. In the

same region, the maximum canopy density for Shiraz typically

occurs from the end of November to the beginning of December

[46]; after this period, the vines start to defoliate due to water

stress. This suggests that the LAI values obtained on 2021-12-17

were expected to be the peak compared to other observation

dates. The signifcant underestimation of the LAI values of 2021-

12-17 may have been due to image overexposure (Figure 11). The

overexposure adversely impacted the accuracy of colour

thresholding, resulting in a reduction in the number of identifed

leaf pixels. Hence, the side-view imagery collected on 2021-12-17

has been fagged as an outlier.

As the proposed system provides mapping for individual trunk-

to-trunk sections, the precision of the geolocation of the proposed

imagery system plays a key role in identifying the individual vine

TABLE 4 | Statistics of the correlation among the side-view LAI, bottom–up view LAI, and the direct measurement for all data and the data
excluding the data collected on 2021-12-17.

Side-view LAI
(south) versus

direct measurement

Side-view LAI
(north) versus

direct measurement

Bottom–up view
LAI versus

direct measurement

Side-view LAI
(south) versus

direct measurement
(outliers excluded)

Side-view LAI
(north) versus

direct measurement
(outliers excluded)

Slope 1.00 1.07 0.68 0.90 1.01

Intercept 0.03 0.01 0.03 0.01 �0.02

R2 0.75 0.77 0.89 0.94 0.93

MAE 0.20 0.20 0.41 0.11 0.10

RMSE 0.31 0.31 0.53 0.16 0.14

p 4.58 × 10−9 1.97 × 10−9 1.45 × 10−13 1.43 × 10−13 2.89 × 10−12

Note:  R2 = coefcient of determination.
Abbreviations: MAE=mean absolute error, RMSE = root mean squared error.

(a) (b)

FIGURE 11 | An example of side-view imagery collected on 2021-12-17 showing a portion of leaves overexposed and hence calculated as sky pixels.

(a) Original image. (b) Thresholded image.
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and the row. Precise GNSS data are essential, particularly when

growers fnd specifc issues with certain vines, such as un-

expected instances of low canopy density. In these scenarios,

growers can rely on the location provided by the smartphone to

pinpoint the problematic vine and take corrective actions [47].

The smartphone model used in this work was specifcally chosen

due to its inclusion of a dual-frequency (L1 and L5) receiver while

being a commercial of the shelf device at the time of data

capture. In most of the cases, the average diference between the

GNSS location obtained from images and the surveyed GNSS

location falls below the length of the vines (i.e., 2.25 m). The

proposed system uses only a single smartphone to achieve a vine-

level accuracy most of the time without the need for external

correction data, which makes it capable of implementing a plant

identifcation and tracking system [48]. For this vineyard, this

level of precision is sufcient for both identifying the individual

vines and accurately determining their corresponding rows based

on GNSS coordinates from the proposed system. In higher

density planting systems, the accuracy of the GNSS may not be

sufcient for vine/row identifcation.

Compared to other commercial LAI measurement tools such as

the LAI-2000, side-view LAI can operate over a wider range of

conditions. The proposed side-view LAI system exhibits greater

resilience to variable light due to cloud cover, which is not easily

tolerated with the LAI-2000 which is often used under difuse

radiation (dawn or dusk or uniform high cloud). The LAI

measured using the bottom–up imaging underestimated canopy

size relative to the LAI estimated from the side-view imaging

(Figure 10). We observed that the canopy extended beyond the

feld of view of the camera used for the bottom–up measure-

ments, and it is likely that this led to a “saturation” of the LAI

measurements for the large canopies, where the portion of the

shoots that extended beyond the feld of view was not captured as

part of the LAI estimate. While the smartphone model was

chosen for its dual-frequency GPS receiver, the high quality of the

Fitted line

1:1 line

3

2

P
ro

p
o

se
d

 s
id

e-
vi

ew
 L

A
I

1

0

0 1 2

Bottom–up view LAI

3

Proposed side-view LAI

FIGURE 13 | Relationship between side-view LAI and bottom–up

view LAI for 6 full rows.

TABLE 5 | Statistics of the correlation between the proposed
side-view LAI and the bottom–up view LAI.

Side-view LAI versus
bottom–up view LAI

Slope 0.64

Intercept 0.33

R2 0.66

MAE 0.19

RMSE 0.26

p 6.41 × 10−40
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FIGURE 12 | Average trend of direct LAI measurement and indirect LAI measurement observed across all dates during the season from the

beginning of November to the end of February. Both validation data from vines that were destructively measured and data from the survey of the full

block are shown in the fgure. Images from the north and south sides of the vines are averaged.
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inbuilt imaging systemmeant that images could be captured with

minimal blur even in uneven terrain and the ability to adapt to

variable lighting conditions. As discussed above, the key draw-

back observed was due to overexposure in some data, which

could have been better controlled by setting limits on camera

parameters and selecting the right timing of capturing data.

Compared to other indirect methods in the literature, since side-

view LAI calculates the actual leaf area frst and utilizes

knowledge of the vine spacing in the LAI calculation, this makes

the comparison meaningful across multiple years within the

same vineyard. Moreover, the only input variable is the vine

spacing, allowing simple application to other vineyards of single

cordon spur pruned vines. Pagliai et al. [22] benchmarked four

methods to assess canopy volume, including bottom–up imaging

(that we also evaluated), 3D point clouds based on images

captured from the ground using a handheld smartphone, an

UAV, and laser scanning (LiDAR) using a vehicle-mounted

platform. They found correlations between the assessment

methods, especially for canopy volume and LAI measured using

bottom–up imaging. While all the techniques were efective, the

handheld smartphone was laborious, requiring 150–200 images

for each side of every vine assessed.

Future work may concentrate on two primary areas, frstly,

mitigating limitations due to poor colour thresholding due to

factors such as overexposure. Advanced segmentation tech-

niques, such as deep learning-based semantic segmentation,

could be applied. These methods leverage convolutional neural

networks (CNNs) to automatically classify and segment objects

in images, ofering a more robust and accurate solution for
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FIGURE 14 | Heatmap of side-view LAI measurement using south full block data from 2021-11-05 to 2022-02-25. (a) 2021-11-05. (b) 2021-11-25.

(c) 2021-12-17. (d) 2022-02-25.
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complex and challenging environments. Deep learning models

can learn more complex patterns and features, making them

capable of distinguishing between leaves and objects with similar

colours. This may improve the delineation between the canopy

and the sky, thus improving the accuracy of LAI estimation.

Secondly, research may explore the adaptability and efcacy of

the proposed side-view LAI in vineyards employing diferent

trellis styles and diferent terrains (e.g., slopes) and ground cover

or even in other crops. Further training of the YOLOv5s model

may be needed so that the lower cordon on vines trained to

multiple cordons can be identifed. The process has been vali-

dated for sprawling vineyards, however vineyards with shoot
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FIGURE 15 | Heatmap of bottom–up view LAI measurement using iPhone full block data from 2021-11-05 to 2022-02-25. (a) 2021-11-05. (b) 2021-

11-25. (c) 2022-12-17. (d) 2022-02-05.

TABLE 6 | Average diference between the GNSS location obtained from images and the surveyed GNSS location.

Date Average error (m) Median error (m)

Percentage of data
less than half
the length of
the vine1 (%)

Percentage of data
less than the
length of the

vine1 (%)

2021-11-05 2.77 2.91 12 32

2021-11-25 1.72 1.25 40 78

2021-12-17 1.92 1.73 28 66

2022-02-25 1.45 1.12 50 90
1Half of the distance between two vines was used as the benchmark as accuracy better than this would allow individual vines to be located.
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positioning represent a diferent canopy structure and may re-

quire further refnement.

5 | Conclusions

This work has proposed an automatic and indirect system of

estimating the LAI for individual trunk-to-trunk segments in

a vineyard, by collecting images from the side of the canopy using

only a smartphone-based camera system. Through the compre-

hensive evaluation for a vineyard over the multiple dates, results

have shown a near 1-to-1 relationship between the proposed side-

view LAI values and the direct LAI measurements. The GNSS

receiver in the proposed system achieves a vine-level accuracy

most of the time using only a smartphone without an external

correction device. The results demonstrated its reliability and

accuracy, compared to the traditional indirect method, bottom–up

view imagery. The output from the proposed method does not

require any correction factors for the studied vineyard with the

spur pruned trellis style and can be potentially applied to the

vineyard management system directly, whereas the LAI values

generated by the bottom–up view imagery were consistently

overestimated, thus requiring calibration. The proposed method

showed some uncertainty for the overexposed imagery due to the

simple colour thresholding currently used. However, this can be

signifcantly improved if more advanced techniques were applied.

The proposed method indicated high possibilities for commer-

cialization as it is an operationally friendly and easy platform.
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Supporting Information 1. 2D scatter plots of error for individual datasets.
Figure S1: The 2D scatter plot of error between the GNSS coordinates
from the system and the actual GNSS coordinates for individual datasets.
The radii of three red circles were 1.125, 2.25 and 3.375m, respectively
(2.25 is vine spacing in metres). (a) 2021-11-05. (b) 2021-11-25. (c) 2021-
12-17. (d) 2022-02-25.
Supporting Information 2. Histograms for individual datasets. Figure S2:
The histogram of the distance between the GNSS coordinates from the
system and the actual GNSS coordinates for individual datasets. The red
dashed vertical line in (b) was 1.125m which is half the vine spacing. (a)
2021-11-05. (b) 2021-11-25. (c) 2021-12-17. (d) 2022-02-25.

References

1. W. M. Kliewer and N. K. Dokoozlian, “Leaf Area/Crop Weight Ratios
of Grapevines: Infuence on Fruit Composition and Wine Quality,”
American Journal of Enology and Viticulture 56, no. 2 (2005): 170–181.

6

6

4

4

2

2

0

0

–2

–2

–4

–4

–6

–6

E
rr

o
r 

in
 n

o
rt

h
in

g 
(m

et
er

s)

2D scatter plot of error

Error in easting (meters)

(a)

800

700

600

500

400

300

200

100

Error in meters

Histogram of error

Half the length of the vines

1 2 3 4
0

0

N
u

m
b

er
s

(b)

FIGURE 16 | The 2D scatter plot of error (a) and the histogram of error (b) between the GNSS coordinates from the system and the actual GNSS

coordinates aggregated across all of the sample dates. The radii of three red circles in (a) were 1.125, 2.25, and 3.375m, respectively (2.25m is the vine

spacing). The red dashed vertical line in (b) was 1.125mwhich is half the length of the vines. See Figure S1 for scatter plots and Figure S2 for histograms

of each date presented separately.

Australian Journal of Grape and Wine Research, 2026 15 of 17

https://doi.org/10.1155/ajgw/4187566
https://doi.org/10.1155/ajgw/4187566


2. W. Cameron, P. R. Petrie, and M. Bonada, “Efects of Vineyard
Management Practices on Winegrape Yield Components: A Review
Using Meta-Analysis,” American Journal of Enology and Viticulture 75,
no. 1 (2024).

3. D. J. Watson, “Comparative Physiological Studies on the Growth of Field
Crops: I. Variation in Net Assimilation Rate and Leaf Area Between Species
and Varieties, and Within and Between Years,” Annals of Botany 11, no. 1
(1947): 41–76, https://doi.org/10.1093/oxfordjournals.aob.a083148.

4. W. A. White, M. M. Alsina, H. Nieto, L. G. McKee, F. Gao, and
W. P. Kustas, “Determining a Robust Indirect Measurement of Leaf Area
Index in California Vineyards for Validating Remote Sensing-Based
Retrievals,” Irrigation Science 37, no. 3 (2019): 269–280, https://
doi.org/10.1007/s00271-018-0614-8.

5. L. E. Williams and J. E. Ayars, “Grapevine Water Use and the Crop
Coefcient are Linear Functions of the Shaded Area Measured Beneath
the Canopy,” Agricultural and Forest Meteorology 132, no. 3 (2005):
201–211, https://doi.org/10.1016/j.agrformet.2005.07.010.

6. M. Bonada, A. A. Catania, J. M. Gambetta, and P. R. Petrie, “Soil Water
Availability During Spring Modulates Canopy Growth and Impacts the
Chemical and Sensory Composition of Shiraz Fruit and Wine,” Aus-
tralian Journal of Grape and Wine Research 27, no. 4 (2021): 491–507,
https://doi.org/10.1111/ajgw.12506.

7. R. G. V. Bramley, “Precision Viticulture: Managing Vineyard Vari-
ability for Improved Quality Outcomes,” in Managing Wine Quality
Volume One: Viticulture and Wine Quality, 2nd ed., ed. A. G. Reynolds
(Woodhead Publishing, 2022), 541–586, https://doi.org/10.1016/B978-0-
08-102067-8.00002-6.

8. A. Hall, D. W. Lamb, B. P. Holzapfel, and J. P. Louis, “Within-Season
Temporal Variation in Correlations Between Vineyard Canopy and
Winegrape Composition and Yield,” Precision Agriculture 12, no. 1
(2011): 103–117, https://doi.org/10.1007/s11119-010-9159-4.

9. D. W. Lamb, M. M. Weedon, and R. G. V. Bramley, “Using Remote
Sensing to Predict Grape Phenolics and Colour at Harvest in a Cabernet
Sauvignon Vineyard: Timing Observations Against Vine Phenology and
Optimising Image Resolution,” Australian Journal of Grape and Wine
Research 10, no. 1 (2004): 46–54, https://doi.org/10.1111/j.1755-
0238.2004.tb00007.x.

10. B. Oger, P. Vismara, and B. Tisseyre, “Combining Target Sampling
With Within Field Route-Optimization to Optimise on Field Yield Es-
timation in Viticulture,” Precision Agriculture 22, no. 2 (2021): 432–451,
https://doi.org/10.1007/s11119-020-09744-0.

11. A. Hall, D. W. Lamb, B. Holzapfel, and J. Louis, “Optical Remote
Sensing Applications in Viticulture-A Review,” Australian Journal of
Grape and Wine Research 8, no. 1 (2002): 36–47, https://doi.org/10.1111/
j.1755-0238.2002.tb00209.x.

12. L. F. Johnson, D. E. Roczen, S. K. Youkhana, R. R. Nemani, and
D. F. Bosch, “Mapping Vineyard Leaf Area With Multispectral Satellite
Imagery,” Computers and Electronics in Agriculture 38, no. 1 (2003):
33–44, https://doi.org/10.1016/S0168-1699(02)00106-0.

13. O. Ilniyaz, Q. Du, H. Shen, et al., “Leaf Area Index Estimation of
Pergola-Trained Vineyards in Arid Regions Using Classical and Deep
Learning Methods Based on UAV-Based RGB Images,” Computers and
Electronics in Agriculture 207 (2023): 107723, https://doi.org/10.1016/
j.compag.2023.107723.

14. A. P. B. Proftt, “Precision Viticulture: A New Era in Vineyard
Management and Wine Production,” Winetitles (2006).

15. P. R. Petrie, “Ask the AWRI: Unmanned Aerial Vehicles (Drones)
and Viticulture,” Grapegrower and Winemaker 616 (2015).

16. A. Hall, J. P. Louis, and D. W. Lamb, “Low-Resolution Remotely
Sensed Images of Winegrape Vineyards Map Spatial Variability in Pla-
nimetric Canopy Area Instead of Leaf Area Index,” Australian Journal of
Grape and Wine Research 14, no. 1 (2008): 9–17, https://doi.org/10.1111/
j.1755-0238.2008.00002.x.

17. A. Hall, J. Louis, and D. Lamb, “Characterising and Mapping

Vineyard Canopy Using High-Spatial-Resolution Aerial Multispectral
Images,” Computers & Geosciences 29, no. 7 (2003): 813–822, https://

doi.org/10.1016/S0098-3004(03)00082-7.

18. H. J. Liu and Y. Kang, “Sprinkler Irrigation Scheduling of Winter
Wheat in the North China Plain Using a 20 cm Standard Pan,” Irrigation

Science 25, no. 2 (2007): 149–159, https://doi.org/10.1007/s00271-006-

0042-z.

19. H. Moreno and D. Andújar, “Proximal Sensing for Geometric

Characterization of Vines: A Review of the Latest Advances,” Computers

and Electronics in Agriculture 210 (2023): 107901, https://doi.org/

10.1016/j.compag.2023.107901.

20. R. E. Smart, J. K. Dick, I. M. Gravett, and B. M. Fisher, “Canopy
Management to Improve Grape Yield and Wine Quality-Principles and

Practices,” South African Journal of Enology and Viticulture 11, no. 1

(1990): 3–17.

21. L. Comba, A. Biglia, D. Ricauda Aimonino, et al., “Leaf Area Index

Evaluation in Vineyards Using 3D Point Clouds From UAV Imagery,”

Precision Agriculture 21, no. 4 (2020): 881–896, https://doi.org/10.1007/
s11119-019-09699-x.

22. A. Pagliai, M. Ammoniaci, D. Sarri, et al., “Comparison of Aerial and

Ground 3D Point Clouds for Canopy Size Assessment in Precision Vi-
ticulture,” Remote Sensing 14, no. 5 (2022): 1145, https://doi.org/10.3390/

rs14051145.

23. J. Arnó, A. Escolà, J. M. Vallès, et al., “Leaf Area Index Estimation in

Vineyards Using a Ground-Based LiDAR Scanner,” Precision Agriculture

14, no. 3 (2013): 290–306, https://doi.org/10.1007/s11119-012-9295-0.

24. R. Sanz, J. Llorens, A. Escolà, et al., “LIDAR and Non-LIDAR-Based

Canopy Parameters to Estimate the Leaf Area in Fruit Trees and

Vineyard,” Agricultural and Forest Meteorology (2018): 260–261, https://
doi.org/10.1016/j.agrformet.2018.06.017.

25. A. Cutini, G. Matteucci, and G. S. Mugnozza, “Estimation of Leaf

Area Index With the Li-Cor LAI 2000 in Deciduous Forests,” Forest

Ecology and Management 105, no. 1–3 (1998): 55–65, https://doi.org/

10.1016/S0378-1127(97)00269-7.

26. D. Stroppiana, M. Boschetti, R. Confalonieri, S. Bocchi, and
P. A. Brivio, “Evaluation of LAI-2000 for Leaf Area Index Monitoring in

Paddy Rice,” Field Crops Research 99, no. 2–3 (2006): 167–170, https://

doi.org/10.1016/j.fcr.2006.04.002.

27. X. Zhang, A. Pourreza, K. H. Cheung, G. Zuniga-Ramirez,

B. D. Lampinen, and K. A. Shackel, “Estimation of Fractional Photo-
synthetically Active Radiation From a Canopy 3D Model; Case Study:

Almond Yield Prediction,” Frontiers in Plant Science 12 (2021): 715361,

https://doi.org/10.3389/fpls.2021.715361.

28. C. Macfarlane, M. Hofman, D. Eamus, et al., “Estimation of Leaf

Area Index in Eucalypt Forest Using Digital Photography,” Agricultural

and Forest Meteorology 143, no. 3–4 (2007): 176–188, https://doi.org/
10.1016/j.agrformet.2006.10.013.

29. S. Fuentes, A. R. Palmer, D. Taylor, M. Zeppel, R. Whitley, and

D. Eamus, “An Automated Procedure for Estimating the Leaf Area Index
(LAI) of Woodland Ecosystems Using Digital Imagery, MATLAB Pro-

gramming and Its Application to an Examination of the Relationship

Between Remotely Sensed and Field Measurements of LAI,” Functional

Plant Biology 35, no. 10 (2008): 1070–1079, https://doi.org/10.1071/

FP08045.

30. R. De Bei, S. Fuentes, M. Gilliham, et al., “Viticanopy: A Free
Computer App to Estimate Canopy Vigor and Porosity for Grapevine,”

Sensors 16, no. 4 (2016): 585, https://doi.org/10.3390/s16040585.

31. S. Fuentes, R. De Bei, C. Pozo, and S. Tyerman, “Development of
a Smartphone Application to Characterise Temporal and Spatial Canopy

Architecture and Leaf Area Index for Grapevines,” Wine and Viticulture

Journal 27, no. 6 (2012): 56–60.

16 of 17 Australian Journal of Grape and Wine Research, 2026

http://doi.org/10.1093/oxfordjournals.aob.a083148
http://doi.org/10.1007/s00271-018-0614-8
http://doi.org/10.1007/s00271-018-0614-8
http://doi.org/10.1016/j.agrformet.2005.07.010
http://doi.org/10.1111/ajgw.12506
http://doi.org/10.1016/B978-0-08-102067-8.00002-6
http://doi.org/10.1016/B978-0-08-102067-8.00002-6
http://doi.org/10.1007/s11119-010-9159-4
http://doi.org/10.1111/j.1755-0238.2004.tb00007.x
http://doi.org/10.1111/j.1755-0238.2004.tb00007.x
http://doi.org/10.1007/s11119-020-09744-0
http://doi.org/10.1111/j.1755-0238.2002.tb00209.x
http://doi.org/10.1111/j.1755-0238.2002.tb00209.x
http://doi.org/10.1016/S0168-1699(02)00106-0
http://doi.org/10.1016/j.compag.2023.107723
http://doi.org/10.1016/j.compag.2023.107723
http://doi.org/10.1111/j.1755-0238.2008.00002.x
http://doi.org/10.1111/j.1755-0238.2008.00002.x
http://doi.org/10.1016/S0098-3004(03)00082-7
http://doi.org/10.1016/S0098-3004(03)00082-7
http://doi.org/10.1007/s00271-006-0042-z
http://doi.org/10.1007/s00271-006-0042-z
http://doi.org/10.1016/j.compag.2023.107901
http://doi.org/10.1016/j.compag.2023.107901
http://doi.org/10.1007/s11119-019-09699-x
http://doi.org/10.1007/s11119-019-09699-x
http://doi.org/10.3390/rs14051145
http://doi.org/10.3390/rs14051145
http://doi.org/10.1007/s11119-012-9295-0
http://doi.org/10.1016/j.agrformet.2018.06.017
http://doi.org/10.1016/j.agrformet.2018.06.017
http://doi.org/10.1016/S0378-1127(97)00269-7
http://doi.org/10.1016/S0378-1127(97)00269-7
http://doi.org/10.1016/j.fcr.2006.04.002
http://doi.org/10.1016/j.fcr.2006.04.002
http://doi.org/10.3389/fpls.2021.715361
http://doi.org/10.1016/j.agrformet.2006.10.013
http://doi.org/10.1016/j.agrformet.2006.10.013
http://doi.org/10.1071/FP08045
http://doi.org/10.1071/FP08045
http://doi.org/10.3390/s16040585


32. R. Confalonieri, M. Foi, R. Casa, et al., “Development of an App for
Estimating Leaf Area Index Using a Smartphone. Trueness and Precision
Determination and Comparison With Other Indirect Methods,” Com-
puters and Electronics in Agriculture 96 (2013): 67–74, https://doi.org/
10.1016/j.compag.2013.04.019.

33. F. Orlando, E. Movedi, D. Coduto, et al., “Estimating Leaf Area Index
(LAI) in Vineyards Using the PocketLAI Smart-App,” Sensors 16, no. 12
(2016): 2004, https://doi.org/10.3390/s16122004.

34. L. Pichon, J. Taylor, and B. Tisseyre, “Using Smartphone Leaf Area
Index Data Acquired in a Collaborative Context Within Vineyards in
Southern France,” Oeno One 54, no. 1 (2020): 123–130, https://doi.org/
10.20870/oeno-one.2020.54.1.2481.

35. J. R. Rosell, J. Llorens, R. Sanz, et al., “Obtaining the Three-
Dimensional Structure of Tree Orchards From Remote 2D Terrestrial
LIDAR Scanning,” Agricultural and Forest Meteorology 149, no. 9 (2009):
1505–1515, https://doi.org/10.1016/j.agrformet.2009.04.008.

36. J. R. Rosell Polo, R. Sanz, J. Llorens, et al., “A Tractor-Mounted
Scanning LIDAR for the Non-Destructive Measurement of Vegetative
Volume and Surface Area of Tree-Row Plantations: A Comparison With
Conventional Destructive Measurements,” Biosystems Engineering 102,
no. 2 (2009): 128–134, https://doi.org/10.1016/
j.biosystemseng.2008.10.009.

37. X. Zhu, J. Liu, A. K. Skidmore, J. Premier, and M. Heurich, “A Voxel
Matching Method for Efective Leaf Area Index Estimation in Temperate
Deciduous Forests From Leaf-on and Leaf-Of Airborne LiDAR Data,”
Remote Sensing of Environment 240 (2020): 111696, https://doi.org/
10.1016/j.rse.2020.111696.

38. P. Bolla and K. Borre, “Performance Analysis of Dual-Frequency
Receiver Using Combinations of GPS L1, L5, and L2 Civil Signals,”
Journal of Geodesy 93, no. 3 (2019): 437–447, https://doi.org/10.1007/
s00190-018-1172-9.

39. J. Tang, O. Yem, F. Russell, et al., “Using a Camera System for the In-
Situ Assessment of Cordon Dieback Due to Grapevine Trunk Diseases,”
Australian Journal of Grape and Wine Research 2023 (2023): 8634742,
https://doi.org/10.1155/2023/8634742.

40. M.Weiss, F. Baret, G. J. Smith, I. Jonckheere, and P. Coppin, “Review
of Methods for In Situ Leaf Area Index (LAI) Determination Part II.
Estimation of LAI, Errors and Sampling,” Agricultural and Forest Me-
teorology 121, no. 1–2 (2004): 37–53, https://doi.org/10.1016/
j.agrformet.2003.08.001.

41. S. Fuentes, C. Poblete-Echeverría, S. Ortega-Farias, S. Tyerman, and
R. De Bei, “Automated Estimation of Leaf Area Index From Grapevine
Canopies Using Cover Photography, Video and Computational Analysis
Methods,” Australian Journal of Grape and Wine Research 20, no. 3
(2014): 465–473, https://doi.org/10.1111/ajgw.12098.

42. G. Jocher, A. Chaurasia, A. Stoken, et al., “Ultralytics/Yolov5: V7.0-
YOLOv5 SOTA Realtime Instance Segmentation” (2022), https://doi.org/
10.5281/ZENODO.7347926.

43. H. Fang, “Canopy Clumping Index (CI): A Review of Methods,
Characteristics, and Applications,” Agricultural and Forest Meteorology
303 (2021): 108374, https://doi.org/10.1016/j.agrformet.2021.108374.

44. K. Nomura, M. Saito, M. Kitayama, et al., “Leaf Area Index Esti-
mation of a Row-Planted Eggplant Canopy Using Wide-Angle Time-
Lapse Photography Divided According to View-Zenith-Angle Contours,”
Agricultural and Forest Meteorology 319 (2022): 108930, https://doi.org/
10.1016/j.agrformet.2022.108930.

45. L. F. Johnson and L. L. Pierce, “Indirect Measurement of Leaf Area
Index in California North Coast Vineyards,”HortSciencei 39, no. 2 (2004):
236–238, https://doi.org/10.21273/HORTSCI.39.2.236.

46. M. Bonada, E. J. Edwards, M. G. McCarthy, G. C. Sepúlveda, and
P. R. Petrie, “Impact of Low Rainfall During Dormancy on Vine Pro-
ductivity and Development,” Australian Journal of Grape and Wine
Research 26, no. 4 (2020): 325–342, https://doi.org/10.1111/ajgw.12445.

47. M. Ariza-Sentís, S. Vélez, R. Martínez-Peña, H. Baja, and J. Valente,
“Object Detection and Tracking in Precision Farming: A Systematic
Review,” Computers and Electronics in Agriculture 219 (2024): 108757,
https://doi.org/10.1016/j.compag.2024.108757.

48. X. Wang, P. Petrie, M. Bonada, and M. Whitty, Building a Vineyard
Information System for Individual Vines Using a Low-Cost Camera (The
17th Australian Wine Industry Technical Conference, 2019).

Australian Journal of Grape and Wine Research, 2026 17 of 17

http://doi.org/10.1016/j.compag.2013.04.019
http://doi.org/10.1016/j.compag.2013.04.019
http://doi.org/10.3390/s16122004
http://doi.org/10.20870/oeno-one.2020.54.1.2481
http://doi.org/10.20870/oeno-one.2020.54.1.2481
http://doi.org/10.1016/j.agrformet.2009.04.008
http://doi.org/10.1016/j.biosystemseng.2008.10.009
http://doi.org/10.1016/j.biosystemseng.2008.10.009
http://doi.org/10.1016/j.rse.2020.111696
http://doi.org/10.1016/j.rse.2020.111696
http://doi.org/10.1007/s00190-018-1172-9
http://doi.org/10.1007/s00190-018-1172-9
http://doi.org/10.1155/2023/8634742
http://doi.org/10.1016/j.agrformet.2003.08.001
http://doi.org/10.1016/j.agrformet.2003.08.001
http://doi.org/10.1111/ajgw.12098
http://doi.org/10.5281/ZENODO.7347926
http://doi.org/10.5281/ZENODO.7347926
http://doi.org/10.1016/j.agrformet.2021.108374
http://doi.org/10.1016/j.agrformet.2022.108930
http://doi.org/10.1016/j.agrformet.2022.108930
http://doi.org/10.21273/HORTSCI.39.2.236
http://doi.org/10.1111/ajgw.12445
http://doi.org/10.1016/j.compag.2024.108757

	Mapping Vitis vinifera L. Leaf Area Index Using Side-View Imagery Continuously Captured by a Smartphone
	1. Introduction
	2. Materials and Methods
	2.1. Data Collection
	2.2. Method Validation: Direct LAI Measurement
	2.3. Traditional Method: Bottom–Up View LAI Data Capture
	2.4. Proposed Method: Side-View Trunk-to-Trunk LAI Measurement
	2.5. Image Preprocessing Pipeline
	2.6. Leaf Area Estimation
	2.7. LAI Calculation
	2.8. Evaluation of GNSS Accuracy From the Proposed System Based on Geolocated Posts

	3. Results
	3.1. Evaluation of Side-View LAI Measurement With Direct Measurement and Traditional Bottom–Up View LAI Measurement
	3.2. Large-Scale Comparison Between Side-View LAI Measurement and Bottom–Up View LAI Measurement
	3.3. Full Block Comparison Between Side-View LAI and Bottom–Up View LAI
	3.4. Results of GNSS Accuracy Based on Geolocated Posts

	4. Discussion
	5. Conclusions
	Data Availability Statement
	Conflicts of Interest
	Funding
	Acknowledgments
	Supporting Information


