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Highlights 
•	 Citizen science and gamification are proposed for collecting in situ forest leaf area index data.
•	 LAI can be estimated by taking smartphone images of forest canopies at 57° zenith angle.
•	 Twenty smartphone images per plot are enough to obtain accurate LAI measurements.
•	 Additional images may be required in forests with dense or uneven canopy structure.

Abstract
Leaf area index (LAI) is a critical parameter that influences many biophysical processes within 
forest ecosystems. Collecting in situ LAI measurements by forest canopy hemispherical pho-
tography is however costly and laborious. As a result, there is a lack of LAI data for calibration 
of forest ecosystem models. Citizen science has previously been tested as a solution to obtain 
LAI measurements from large areas, but simply asking citizen scientists to collect forest canopy 
images does not stimulate enough interest. As a response, this study investigates how gamified 
citizen science projects could be implemented with a less laborious data collection scheme. Citizen 
scientists usually have only mobile phones available for LAI image collection instead of cameras 
suitable for taking hemispherical canopy images. Our simulation results suggest that twenty 
directional canopy images per plot can provide LAI estimates that have an accuracy comparable 
to conventional hemispherical photography with twelve images per plot. To achieve this result, 
the mobile phone images must be taken at the 57° hinge angle, with four images taken at 90° 
azimuth intervals at five spread-out locations. However, more images may be needed in forests 
with large LAI or uneven canopy structure to avoid large errors. Based on these findings, we 
propose a gamified solution that could guide citizen scientists to collect canopy images according 
to the proposed scheme.
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1	 Introduction

Leaf area index (LAI), here defined as half of the two-sided leaf area per unit ground surface, is a 
fundamental parameter that provides insights into understanding ecosystem dynamics and function-
ing (Chen and Black 1992). It quantifies the extent of foliage within a vegetative canopy and has 
been included as one of the most crucial variables of many global biosphere-atmosphere models 
(GCOS 2022). For example, LAI plays an essential role in understanding primary productivity, 
transpiration and other bio-physical processes related to the complex interplay between vegetation 
and atmosphere (Ryu et al. 2011). It is also a key input in land surface and climate models that 
require continuous and consistent LAI over large areas (Yuan et al 2011). In forest ecosystems, 
LAI contributes to biodiversity assessment (Skidmore et al. 2015) and serves as an indicator of 
forest health (Hanssen and Solberg 2007).

Despite of its importance, LAI has remained as an underrepresented forest attribute in forest 
inventories that emphasise commercially important forest attributes such as tree height, mean 
diameter and growing stock volume. Collecting LAI data in the field requires specific skills and 
equipment, which may have attributed to its negligence. The majority of LAI data measured in the 
field are obtained using indirect measurements such as digital hemispherical photographs (DHPs) 
and digital canopy photographs (DCPs). Previous research has obtained accurate LAI estimates 
at plot level using 12 DHPs or 32 DCPs (Macfarlane et al. 2007; Zhang et al. 2024); therefore, 
it is labour intensive and time consuming to collect LAI data over large geographical areas. In 
addition, taking DHP images requires proper assessments of weather conditions prior to taking the 
images (Díaz et al. 2021; Kaha et al. 2023). Failure to do so leads to a considerable degradation in 
data quality. Thus, there is a need to collect large quantities of LAI data over broad geographical 
extents to understand complex forest challenges stemming from both natural and anthropogenic 
sources. Meanwhile, novel approaches to data collection are needed to decrease the complexity 
and cost of field data acquisitions.

Thanks to the recent advancement in information technology, citizen science (CS) has 
expanded extensively as a new research approach (Kobori et al. 2016). It has gained momentum 
in engaging both researchers and volunteers alike to collect data and explore scientific research 
topics in various fields (Silvertown 2009). Participatory CS research has also been successfully 
implemented in many forest contexts. For example, CS projects have showcased their contribu-
tion to monitoring forest pests and pathogens (de Groot et al. 2022) and mapping forest decline 
(Crocker et al. 2023). In addition, data collected from CS projects has been proven useful in 
validating products of land surface phenology obtained from remote sensing data (Purdy et al. 
2023). One important advantage of CS projects lies in the capacity of mobilising citizen scien-
tists to collect large quantities of data on scales that would be challenging for researchers alone 
to obtain. This provides a potential solution to tackle the lack of large-area LAI data collected 
in the field. Although CS utilises collective efforts to address data shortage issues, data quality 
is reportedly a potential challenge especially when citizen scientists deemed their activities as 
not “interesting” (Dickinson et al. 2010). To mitigate this issue, incorporating forest gamifica-
tion into CS has emerged as a promising solution, if the game provides sufficient incentives for 
the participants.

Forest gamification is defined as designing game contents within the context of forest 
ecosystems. An integral aspect of gamification involves crafting game-like frameworks that pro-
vide guidance for individuals to follow and complete tasks. The goal of gamification is often to 
encourage people to willingly participate in activities that might otherwise be considered as dull or 
mundane. By establishing specific rules and requirements prior to tasks, gamified CS projects can 
encourage participants to collect data in an enjoyable and engaging manner. Positive results have 
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been shown in many contexts about how forest gamification has transformed the way common 
citizens perceive, understand and protect forest ecosystems (Vastaranta et al. 2022). Another recent 
example was the gamified forest laser scanning project where participants collected point cloud 
data while engaging in multiple playful activities (Nummenmaa et al. 2024).

This gamified approach presents a potential solution to mitigate the risk of lacklustre spirits 
of the participants, a commonly seen factor that leads to diminished data quality in CS projects. 
Mobile devices have been widely used to enhance the gaming experience, as most of them nowa-
days are enhanced with a wide range of different sensors, such as cameras, inertia sensors and 
positioning systems. This also provides a great opportunity for citizen scientists to take directional 
photography and facilitate LAI data collection.

When using indirect optical measurements, LAI can be derived from other forest canopy 
variables such as gap fractions according to the Beer-Lambert law. Previous studies have employed 
this approach to estimate leaf area index, for example by using inclined smartphone cameras (Qu 
et al. 2021). Furthermore, smartphone applications like LAISmart (Qu et al. 2017) and Pocket-
LAI (Confalonieri et al. 2013) have been developed to estimate LAI. Given the impracticality of 
expecting citizen scientists to possess cameras with fisheye lenses, directional photography with 
smartphone cameras seems more suitable and realistic. Directional canopy photography is mainly 
taken at zenith (DCPs) or the so-called ‘hinge angle’, i.e. 57° from zenith, which has several advan-
tages (Yan et al. 2019). For example, it is less sensitive to camera exposure and can be applied 
in all light conditions. The inbuilt sensor technology of smartphones can make it easy for citizen 
scientists to take forest canopy images at the hinge angle in a gamified way. Subsequently, LAI 
can be calculated from the images, assuming that the gap fraction interpreted from the images is 
representative. This requires that the hinge angle is correctly estimated, the gap fraction is estimated 
reliably, and there are enough samples per stand.

The inspiration of this study drew insights from our previous real-world experiences with 
a CS programme called Metsänvalo (https://uniteflagship.fi/metsanvalo). The data collection was 
planned based on an existing protocol (Arietta 2022). It required participants to collect Google 
Street View spherical panoramas (Google LLC) that could be converted to DHPs. We recog-
nised that the implementation of CS has its own challenges. Recruiting and retaining citizen 
scientists was particularly difficult, as many of them found the tasks laborious and then their 
interest quickly disappeared. In addition, the data quality was poor without proper supervision 
due to the complexity of the spherical picture collection. Recognising these challenges, we 
propose an integration of CS and forest gamification as a potential solution to make data col-
lection easier and more reliable. In real-world conditions, it is difficult to keep the smartphone 
fixed at designed angle, as the camera is hand-held by an operator without fixed support. The 
utilisation of built-in smartphone sensors within the gamification framework can help to fix the 
inclination angle at 57°.

The main objective of this study is to determine how citizen scientists should be guided 
to obtain satisfactory LAI estimates by taking forest canopy images with consumer-grade smart-
phone cameras. We present an empirical simulation study that aimed at determining how many 
smartphone images and image locations are needed to replicate accurate LAI data collection, 
which is typically done by taking twelve DHPs per sample plot (Majasalmi et al. 2012). We 
also discuss gamification options that could make canopy image collection fun and engaging 
for citizen scientists and propose how a practical data collection experiment could be organized 
in the future.

https://uniteflagship.fi/metsanvalo
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2	 Materials and methods

2.1	 LAI calculations

The theoretical basis of calculating LAI using camera-based indirect measurement is the Beer-
Lambert’s extinction law. It was originally used to describe the empirical relationship of light 
attenuation when passing through a uniform medium and later applied to describe light interception 
of homogeneous forest canopies (de Wit 1965). LAI can be derived using canopy gap fraction at 
specific angles following Eq. 1:

T e G LAI( ) , ( )( ) cos( )� � �� � � 1

where θ is the viewing angle from zenith, T is the gap fraction and G(θ) is the foliage projection 
function.

When gap fractions are measured at a series of discrete zenith angles, the above equation 
can be estimated using to Miller’s integral (Miller 1967) as Eq. 2:

LAI T d� � � �� � � � � � � ��2 2
0

2

ln cos sin . ( )
/

� � � �
�

The calculation of LAI according to this formula thus requires no prior knowledge on 
angular gap fractions covering the entire hemisphere (Miller 1967). In this way, the G function 
can be omitted.

Another less common way of calculating LAI is using the gap fraction at the so-called 
“hinge angle” (57° from zenith) because the leaf projection G function remains constant (0.5) at 
this angle (Wilson 1963) as Eq. 3:

LAI
G

T THA � � � � � �� � � � � �� �cos
ln . log , ( )

�
�

� �1 089 3

when θ = 57°, cos θ ≈ 0.5446 and G(θ) = 0.5 (Wilson 1963), thus the coefficient –1.089 (Zhao et 
al. 2019).

2.2	 Study sites

The data were collected from 126 plots across three study sites in southern Finland. Table 1 shows 
their forest attributes i.e., LAI, dominant height and basal area, measured in the field. The main 
tree species included Scots pine (Pinus sylvestris L.), Norway spruce (Picea abies (L.) H. Karst.) 
and birches (Betula spp. L.). The plots were placed subjectively to cover a wide diversity of forest 
structures, ranging from sparsely stocked pine bogs to mixed old growth and extremely dense 
young forests. The large range of LAI values made it suitable for our simulation study.

2.3	 Digital hemispherical photographs as reference data

DHP data from the three sites were collected in different years: Hyytiälä, Suonenjoki, and Liperi in 
2011, 2015 and 2016 respectively. The images were acquired using a Nikon Coolpix 8800 camera 
and an FC-E9 fisheye converter under overcast or near sunset to avoid the impact of direct sun-
light on image quality. Twelve DHPs were taken at each plot following the measurement scheme 
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Table 1. Forest attributes at plot level across the three study sites in Finland.

Site Suonenjoki Hyytiälä Liperi

n 20 86 20
Coordinates of the centres 62°40´N, 27°07´E 61°50´N, 24°17´E 62°29´N, 29°05´E
LAI min. 0.10 0.25 0.15

mean 1.99 2.23 2.04
max. 3.71 4.17 4.19

sd 0.90 0.85 1.04
Dominant height (m) min. 4.0 2.2 4.2

mean 15.7 16.8 16.2
max. 26.9 34.3 32.6

sd 6.5 6.8 7.0
Basal area (m2 ha–1) min. 4.0 0.5 1.0

mean 18.1 23.1 18.1
max. 34.0 51.3 44.0

sd 8.3 10.6 11.2

Abbreviations: LAI (leaf area index), min (minimum), max (maximum), sd (standard deviation).

Fig. 1. Twelve measurement locations where digital hemispherical photographs 
(DHPs) were taken to estimate leaf area index within each r = 12.5 m plot.

displayed in Fig. 1. During the measurement, the camera was fixed to a tripod at approximately 
1.3 m height above ground. The camera was then levelled using a two-axis bubble level. Next, 
the lens was adjusted to face upwards with its focus set to infinity. Exposure was adjusted prior to 
taking the images at each plot so that contrast between the sky and the canopy was optimized. The 
shooting mode was set to aperture priority with aperture kept at f/2.8–f/4.5 depending on illumina-
tion. The DHPs were saved in raw image format.
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The DHPs were processed using the software Hemispherical Project Manager (HSP) that 
implements the LinearRatio method (Cescatti 2007) for a single camera (Lang et al. 2017). The 
software first converts the raw DHPs to 16-bit simple portable grey maps (PGM format) with the 
help of dcraw software (version 9.28) (Coffin 2014). Only original blue pixels were extracted in 
the process because at this spectrum they have the highest contrast between the sky and the canopy. 
We used the switches of dcraw: -d (document mode, no colour and interpretation), -W (do not 
automatically brighten the image), -g 1 1 (linear 16-bit custom gamma curve). The final output 
was binarized hemispherical images, where gap fractions T(θ) were derived following the ring-
wise analysis.

Specifically, DHPs were divided into 5 concentric rings with 15° interval (0–75°). The 
weights of each ring were calculated as Eq. 4:

Wi i i
j

n
�

�
�sin sin , ( )� �
1

4

where θi was the mean zenith angle of the ring (7°, 23°, 38°, 53°, and 68°), and Wi represents the 
weighting factor that is proportional to sin(θ) dθ in Eq. 2 and normalised to sum to 1. Note that 
the weight of the missing the 6th ring was assigned to the 5th ring, similar to the LAI-2000 plant 
canopy analyser instrument (Welles and Norman 1991).

As measurements were only available at the 5 rings, the final LAI from Eq. 2 can be weighed 
as Eq. 5:

LAI T Wl
i

n
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�
�2 5
1

ln cos , ( )�

where Tl  are the mean gap fractions from the DHPs collected at plot level for each annulus ring. 
Note that the effect of woody components (such as tree trunks and branches) was not removed here, 
because clumping corrections are not within our interest in this study; therefore, LAI in practice 
denotes plant area index (PAI).

2.4	 Simulation scenarios and processes

Data collection in the forest can be implemented in many different ways. The optimal data collec-
tion scheme is a trade-off between the required accuracy and the complexity of acquisition. Here, 
the question under investigation was simplified to the selection of number of locations where 
photographs are taken within a single plot, as well as the number of photographs to be taken from 
each location. The simulation was based on sub-sampling the available hemispherical image data. 
Thus, there were twelve potential locations where images could be simulated. Table 2 detailed the 

Table 2. Simulation scenarios of the number of digital hemispherical photographs to estimate leaf area index.

Scenario ID 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18

No. location 1 1 1 1 2 4 2 4 5 10 6 3 7 8 4 6 9 5
No. images 
per location 1 2 3 4* 2 1 4* 2 2 1 2 4* 2 2 4* 3 2 4*

Total No. 
images 1 2 3 4 4 4 8 8 10 10 12 12 14 16 16 18 18 20

Scenario details featured different locations where canopy images were simulated per location. Thus, the total number of images (Total 
No. images) equals the number of locations (No. location) multiplied by the number of images per location (No. images per location).
* With four images simulated at 90° azimuth intervals per location.
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scenarios tested in this study, with each scenario characterised by varying numbers of images to 
be taken at different observation spots.

The simulation process started by random sampling of the centre coordinates (φ, θ) of the 
simulated mobile phone image. The azimuth angle was simulated randomly within the range of 0 
to 360°, as in a forest gamification setting, citizen scientists could freely capture canopy images at 
various azimuthal angles. The zenith angle remained constant (57°) as it is crucial to derive LAI 
at this angle without having to consider the whole hemisphere. As modern smartphone cameras 
often have a horizontal viewing angle of about 60° and a vertical viewing angle of about 50°, the 
simulated image sizes should align with these specifications for accuracy. Therefore, the maxi-
mum and minimum horizontal viewing angles of the simulated images were set to φ ± 30°. Our 
preliminary tests revealed that altering the ring width i.e., zenith angle range, did not significantly 
affect the gap fractions obtained from simulated images, unless it exceeded 15°. Thus, the vertical 
scope of the simulated image was confined within the range of ±7.5° from the hinge angle (i.e., 
49.5°–64.5°). This angle-defined boundary box was used to extract gap fractions from the real 
DHP images captured in the field, and consequently calculate the LAI (Fig. 2). Assuming the gap 
fraction T(θ) from the masked region was equivalent to that of the whole hinge angle, the simulated 
LAI at the hinge angle (LAIHA) was calculated following Eq. 3.

2.5	 Accuracy assessment

The gap fraction T(θ) of each simulated image was extracted from DHP images. Depending on 
the scenarios, the LAIHA was calculated by taking the average of the logarithms of individually 
simulated T(θ) (Ryu et al. 2010). Take Scenario 18 for instance, where four images were simulated 

Fig. 2. Hemispherical photograph with the dash line marks the hinge angle 
(θ = 57°) and the mask covered 60° azimuth and ± 7.5° around the hinge angle 
was used to simulate smartphone canopy images.
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from five different locations. Thus, a total of 20 images were simulated, and the T(θ) at simulation 
level was then obtained as the average of the 20 simulated gap fraction samples. Next, gap frac-
tion at simulation level was used as the input of Eq. 3 and subsequently LAIHA was calculated for 
each simulation. For each plot, this was reiterated 100 times. The simulation accuracy at plot level 
was assessed using RMSE% (Eq. 6) and the standard deviation (SD, Eq. 7) of simulated LAIHA:

RMSE n
LAI LAI

LAI

HAi
n

% % , ( )�
�� ���

1

100 6

2

1

SD
LAI LAI

n
HA HAi

n

�
�� ���

2

1
7, ( )

where LAI was measured by DHPs at plot level, LAIHA was obtained from simulated images using 
truncated gap fraction per simulation, LAIHA  denoted the mean of LAIHA and n was the number 
of simulations per scenario (100).

The performance of each scenario was assessed using the mean RMSE% ( RMSE% , Eq. 8) 
and mean SD ( SD , Eq. 9) of all plots. To better illustrate, the field measured LAIs were stratified 
into four categories based on their quartiles, namely: Q1 (0–25%), Q2 (25–50%), Q3 (50–75%) 
and Q4 (75–100%).

RMSE
RMSE
m

i
m

%
%
, ( )� �� 1 8

SD
SD
m
i
m

� �� 1 9, ( )

where RMSE% and SD were obtained for each simulation at plot level and m was the number of 
plot (127).

Furthermore, we linked the performance of the best scenario with the measured forest attrib-
utes to determine if the accuracy of estimation was dependent on the forest structure. Specifically, 
we regressed the mean absolute residual | |r  (Eq. 10) and its normalised value | | %r  (Eq. 11) of 
each plot against field-measured forest attributes. Absolute values were used because we wanted 
to give both under- and overestimations equal weights. The amount of error is different depending 
on whether the error is a percentage or not, so both cases were analysed. Field-measured forest 
attributes as independent variables included basal area (BA), diameter (DBH), height (H) and 
crown base height (CH) of the basal area median tree measured using a relascope.

| | ( )r
LAI LAI

n
HAi

n
i

�
��

10

| | %
| |

( )r r
LAI

= 11
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3	 Results

3.1	 Comparison of simulation scenarios

At scenario level, the accuracy improved together with the number of simulated images used 
to obtain plot-level T(θ) and LAIHA (Fig. 3). Scenario 1 (one image at one random location and 
azimuth angle) produced the lowest accuracy, with RMSE%  and SD  reaching 51.9% and 0.886 
respectively. The best accuracy was achieved by Scenario 18 (twenty images in total, with four 
images simulated at 90° azimuth intervals from five different locations), yielding the RMSE%  of 
10.2% and SD  of 0.170.

We observed a slight improvement in accuracy when using the technique of simulating 
images at 90° azimuth intervals (red in Fig. 3), compared to simulating images at random azimuth 
angels (black in Fig. 3). For example, Scenario 4 achieved a gain in accuracy ( RMSE%  on average 
4.3% less) compared to Scenarios 5 and 6, where the four images were taken in random directions 
instead of using 90° intervals. This benefit was also noticeable in Scenarios 7, 12 and 14. In contrast, 
Scenarios 8, 11 and 15, which used the same number of simulated images but did not employ the 
90° azimuth interval technique, showed slightly lower accuracies. In addition, we did not observe 
a significant impact of the randomly selected locations on accuracy.

A non-linear relationship between the number of simulated images and accuracy was 
observed (Fig. 3), due to the logarithmic nature of LAI computation (Eq. 5). The reference LAI 
was derived from a set of 12 DHPs taken at different locations within the plot, each covering 360° 
azimuth angles. In contrast, the simulated images had a narrower horizontal 60° view, which is 
similar to commonly used commercial smartphone cameras. Therefore, it would take approximately 
12 × 360/60 ≈ 72 images without overlap to achieve equivalent coverage across the azimuthal area.

In theory, we could continue to simulate more images; however, considering practicality 
and feasibility, it was necessary to propose an optimal research design to guide a gamified CS 
project. Therefore, we had to determine the optimal number of images and their locations required 
to achieve optimal LAI estimation that closely approximates observed counterparts in the field. It 
seemed that the trend of RMSE%  at scenario level transited to a smoother decline after simulat-
ing four images, after which the decline became less prominent with additional simulated images. 
Scenario 4 (Four images, at 90° azimuth intervals at one location) also yielded satisfactory results. 

Fig. 3. Non-linear relationship between the numbers of simulated smartphone canopy images and their RMSE%  (left) 
and SD  (right) at scenario level. The labels represented Scenario IDs and red colour denoted scenarios where images 
were simulated at 90° azimuth intervals. Scenario 18 was selected for further inspection.
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Nevertheless, as Scenario 18 yielded the best accuracy among all the proposed scenarios so far, 
we selected it for further investigation.

3.2	 Plot level inspection by LAI categories with Scenario 18

At plot level, we inspected the simulated LAIHA obtained from Scenario 18 using 100 repetitions 
and compared the result with LAI values observed in the field. The observed LAI values were 
divided into four quantiles (Q1–Q4) and the results were analysed by group.

In the Q1 group (LAI: 0.10 to 1.46, 31 plots, Fig. 4a), the simulated LAIHA values closely 
aligned with observed LAI at plot level. In 20 of the 31 plots, the observed LAI fell within the 
interquartile range (IQR, i.e., inside the box) of simulated LAIHA, and in ten plots, within the upper 
whisker. RMSE% ranged from 3.8% to 37.7% and SD from 0.030 to 0.167. The highest RMSE% 
was observed at Plot 98 (SD = 0.031), while Plot 77 had the highest SD (RMSE% = 0.117), indi-
cating that the highest RMSE% did not necessarily correspond to the highest SD.

In the Q2 group (LAI: 1.47 to 2.18, 31 plots, Fig. 4b), the simulated LAIHA values generally 
matched with the observed LAI values. Nineteen plots had observed LAI within the IQR, while 
five were within the lower whisker and seven within the upper whisker. RMSE% ranged from 
3.1% to 21.5% and SD from 0.057 to 0.215.

In the Q3 group (LAI: 2.21 to 2.78, 31 plots, Fig. 4c), the results were similar. The simulated 
LAIHA values remained close to their observed counterparts, with 21 plots having observed LAI 
within the IQR of the simulated LAIHA. Six plots were within the lower whisker and four within 
the upper whisker. The RMSE% ranged from 3.3% to 16.5% and SD from 0.081 to 0.375.

In the Q4 group (LAI: 2. 83 to 4.19, 32 plots, Fig. 4d), only twelve plots had their observed 
LAI values falling within the simulated IQR. Sixteen plots were within the lower whisker and four 
within the upper whisker. The RMSE% ranged from 4.5% and 11.7% and SD from 0.100 to 0.349.

To sum up, following the settings of Scenario 18, the simulated LAI approximated the 
observed LAI across almost all plots. The RMSE% across all plots was within the bounds between 
3.1% and 37.7% and the SD was between 0.031 and 0.375. At plots where LAI was small (such as 
the first and second quartiles), the simulated LAIHA values tended to underestimate the observed 
LAI. Following a thorough examination, this often happened at seedling plots, where big seed trees 
exerted a substantial impact on estimated gap fractions (Fig. 5a). The disruption in canopy gap 
continuity therefore resulted in significant underestimation of simulated gap fractions if simula-
tion was based on these azimuth angles, which subsequently led to an overestimation of simulated 
LAIHA. The opposite was observed at plots with larger LAI (such as the fourth quartile), where 
the simulated LAIHA was more likely to overestimate its observed counterpart. In plots charac-
terised by dense forest canopy cover, the simulation was sensitive to irregular large canopy gaps 
occurring at random azimuth angles (Fig. 5b). When the simulation with 90° azimuth intervals 
failed to adequately capture these areas, the simulated gap fractions became underestimates, and 
consequently yielded an overestimation of LAIHA.

Finally, we built linear regressions using the non-normalized and normalised mean absolute 
residual | |r  with basal area (BA) and diameter of the basal area median tree (DBH) as independent 
variables. The final models were:

r BA DBH� � � � �0 0523 0 0023 0 0005 12. . . , ( )

r BA DBH% . . . . ( )� � � � �0 0722 0 0011 0 0001 13
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Fig. 4. Boxplots illustrating the simulated leaf area index and their observed counterparts (red dot) at plots based on 
their leaf area index quantiles: Q1 (a), Q2 (b), Q3 (b) and Q4 (d).

Fig. 5. Binary digital hemispherical photographs where gap fraction was influenced by seed trees in seedling stand (a) 
and by small random big gaps on a dense canopy stand (b).
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BA and DBH were statistically significant in both models at p < 0.005. The models did not 
include either H or CH, as H was strongly correlated with DBH (correlation 95%), and CH was not 
statistically significant as a predictor. Overall, the model residuals scattered around zero (Fig. 6).

4	 Discussion

4.1	 Estimating LAI using truncated gap fraction from canopy images

The fundamental basis for estimating LAI used in this study is to first infer the full gap fraction at 
hinge angle using a sampled partial gap fraction, as the G function at this angle remains constant at 
0.5. Our study followed the same approach to estimate LAI using simulated and truncated canopy 
images obtained from full hemispherical images. In the simulation design, the searching region was 
restricted to the viewing angles of 50° vertically and 60° horizontally to mimic the configuration 
of consumer-grade smartphone cameras. However, only a narrow strip of 15° at vertical angles 
was extracted around the hinge angle (± 7.5°), as the ring width would greatly affect the simulation 
results. On one hand, the canopy gap information may not be well extracted if the ring width is too 
narrow. On the other hand, the assumption on the G function could be violated if the ring width 
is too wide, which would result in biased estimation. Previous literature used the hinge region of 
55–60° zenith (± 2.5°) to extract canopy gap fraction and subsequently retrieve LAI (Calders et 
al. 2018). In our simulation, we used a wider region to sample gap fraction, as our preliminary 
test discerned that the alteration in ring width did not exert significant impacts on the sampled gap 
fractions at the hinge angle, unless the total ring width surpassed the threshold of 15°. We also 
decided to adopt the searching region with the ring width of 15° to keep it consistent with the ring 
divisions of DHP images. Following this design, the results overall yielded good performance.

In this study, no adjustments were applied to correct for the presence of woody elements 
and the leaf clumping, which would be needed for the estimation of true LAI. Obtaining clumping 
corrections for hinge angle photographs could however be obtained from the gap size distribution 
method that has previously been applied with hemispherical images (Chen and Cihlar 1995), as it 

Fig. 6. Residual analysis with the scatter plots of the non-normalised mean absolute model residuals | |r  (left) and the 
normalised mean absolute model residuals | | %r  (right) with fitted values.
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is possible to distinguish small and large gaps using e.g. morphological image analysis (Korhonen 
and Heikkinen 2009). Correction for woody canopy elements at the hinge angle remains as a chal-
lenge, but for example deep learning approaches could be used for this purpose (Moorthy et al. 
2019). In practice, we however noted that that the woody canopy elements at the hinge angle were 
frequently obscured by leaf material compared to larger zenith angles closer to horizon, so we can 
assume that this effect is relatively small. Finally, the plant area index that we obtained from the 
images is an important ecological variable on its own, and governs key canopy processes such as 
light absorption and precipitation interception.

As this study implemented simulations based on DHPs collected in flat terrains, the slope 
effect on LAI estimation was not considered. Although the slope effect is relatively small and 
negligible when the slope is less than 30° (Yan et al. 2019), it is still important to highlight the 
necessity of considering the slope effect in the context of providing guidance to gamification and 
CS programmes. Given that citizen scientists may not be well trained to collect research data, we 
suggest that they should be instructed not to take forest canopy images on slopes to minimise or 
avoid such impact.

4.2	 Implications on forest gamification and CS design

Through simulation, this study tested and proved the feasibility of obtaining relatively reliable 
LAI estimates via forest gamification and CS programmes. The main objective of the study was 
to instruct how many and at which locations should forest canopy images be taken when citizen 
scientists collect field data. The simulation results at scenario level (Scenario 18) indicated that a 
total number of 20 forest canopy images taken at the hinge angle was sufficient to obtain relatively 
accurate LAI estimates RMSE%  (10.2%). Although the location at which the images are taken did 
not exert a significant influence on the results, it is still recommended that the locations should vary 
and spread out to reduce the likelihood of repetition. In addition, it appeared that taking canopy 
images at 90° azimuth intervals at multiple locations could further improve the estimation accuracy.

Image acquisition and analysis has been employed in many previous CS projects due to the 
ubiquity of mobile devices. A thorough review on the CS projects related to natural environments 
in the UK reported that approximately one third required photographs (Roy et al. 2012). More 
specific image-based CS projects have, for example, assessed their performance in improving 
forest health in the U.S (Crocker et al. 2020) as well as in monitoring plant species diversity in 
urban environments in China (Yang et al. 2021).

Notably, many existing CS projects only require participants to take one photograph at a time 
to complete their assigned data collection tasks. Our simulation results showed that such approach 
does not provide reliable enough LAI estimates (Scenario 1). Based on our previous CS project 
experience, simply asking citizen scientists to venture in forest and collect images according to 
scientists’ plans did not produce expected outcomes, which was mainly due to the lack of interest 
and stimulation as well as the lack of proper guidance. Thus, the requirement of 20 images in total 
may be regarded laborious or even arduous by participants and consequently dismay their level 
of commitments. This concern also led us to stop simulating scenarios with more images due to 
already-high computational costs. Alternatively, Scenario 4 – taking 4 images with 90° azimuth 
intervals at one location – yielded adequate results.

The analysis of mean absolute residuals against the measured forest attributes also had 
implications for the number of images needed to be collected. The model for | | %r  had negative 
coefficients for both BA and DBH, which showed that the percentual errors were largest in young 
forests with small BA and DBH. Forests representing these conditions were usually seedling 
stands or pine bogs, where trees are sparsely located, leaving large gaps in between. Thus, forests 
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with large azimuthal variations in gap fractions at the hinge angle are relatively the most difficult 
targets for the proposed LAI estimation approach. When | |r  was the response variable of instead 
of | | %r , the coefficient for BA became positive, i.e. the largest absolute errors occurred in forests 
with large BA that usually also have a large LAI.

Because forest structure clearly has an effect on estimation accuracy, it could be beneficial 
to utilize existing forest information available online (e.g., metsaan.fi service available in Finland) 
to adjust the data collection requirements specifically for each site. As alternative, the app could 
also calculate standard error of the mean for LAI in each location and suggest that more data need 
to be collected, if the uncertainty is too large.

Nevertheless, special training may be required to ensure that data collected by citizen sci-
entists is sufficiently rigorous for research usage. Training plays a crucial role in underpinning the 
success of CS projects. Obtaining quality data from trained citizen scientists has been demonstrated 
possible (Newman et al. 2010) and training methods may further enhance the data quality (Ratnieks 
et al. 2016). Nevertheless, it should be noted that all data, whether collected by professionals or 
non-professionals, is subject to biases. It is therefore important to be aware of these biases and 
proceed carefully in data analysis regardless of data source.

Various AI models, encompassing machine learning (Saoud et al. 2020) and deep learning 
(Willi et al. 2019) architectures, have been specifically utilised to conduct image analysis tasks – 
such as object detection and identification – using images sourced from CS projects (Ceccaroni 
et al. 2019). Thematic segmentation i.e., separating forest canopy from the background sky in our 
case, represents another prevalent task undertaken by AI models, yet its application to data col-
lected through CS projects remains relatively limited. A recent example showcased the application 
of deep learning models for agriculture LAI estimation using RGB images (Castro-Valdecantos et 
al. 2022). With our proposed forest canopy images crowd-sourced by citizen scientists, there is an 
opportunity to further evaluate the efficacy of AI models within the CS arena.

4.3	 Options for gamification

Based on our simulation results and a recent forest gamification study (Nummenmaa et al. 2024), 
we propose a gamification approach in which citizen scientists are guided to take forest canopy 
images through gameful steps with the objective of obtaining reliable LAI data. In the cited study, 
players attempted to catch spiders moving on forest surfaces by pointing at them with the phone 
camera, facilitating a simultaneous collection of LiDAR data on the structure of trees. In our pro-
posed game, instead of using moving spiders, a flying bird would appear between forest canopies 
to direct citizen scientists’ attention and help them find the targeted hinge angle. Birds are natural 
inhabitants commonly spotted in the forest and can fly in any area of the hemisphere. The purpose 
of this intuitive design is to enable citizen scientists to have an on-screen interplay that prompts 
them to locate the areas of interest and take canopy images with their mobile devices as an engag-
ing and entertaining activity. Their task is to take an image each time they spot the bird in forest 
canopy. In return, the game offers the players the recreational experience of passing time, and it 
can also be integrated into other location-based experiences, such as geocaching. While rewards 
such as certificates have stimulated participants’ interest in our previous experience, introducing 
new incentives, including monetary rewards, may further encourage and sustain their engagement.

In the game, citizen scientists can traverse freely within the 12.5-metre radius of forest plot 
and the game should limit participants within the plot boundary based on the positioning signals 
of their mobile devices. The location of the simulated bird (φ, θ) can be recorded as azimuth (φ) 
and zenith (θ) angles, with the magnetic north set as azimuth 0°. As the desired image should be 
centred at the hinge angle, the simulated zenith angle θ should be fixed at 57° off zenith while 

https://www.metsakeskus.fi/fi/asiointi/metsaanfi
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the azimuth angle φ can be randomly simulated (Fig. 7). As a result, it is possible to manipulate 
the locations where the birds would appear and instruct citizen scientists to direct the cameras of 
their mobile devices at the correct inclination angle. Once the citizen scientist captures the first 
image, the other three canopy images can be taken at the same location following the flying bird’s 
movement at 90° azimuth intervals (Scenario 4). To achieve better accuracy, citizen scientists can 
be instructed to move to another four locations within the plot boundary and conduct the same 
measures (Scenario 18). There exists a trade-off between achieving accuracy and the risk of data 
collection becoming overly repetitive. Considering the effectiveness of CS projects in mobilising 
a large number of participants, the data accumulated would be substantial even if each individual 
contributes to only one dataset following the requirements of Scenario 18. Nevertheless, this design 
could be determined by the gamified CS project based on the specific research outcome they aim 
to achieve.

The current study utilised simulation data aiming to provide practical guidance for a forth-
coming gamified CS project set in a forest context. As Nature (2015) stated that “technology can 
make scientists of us all”, and indeed, it constantly shapes the ecology of the research landscape 
and influences the design and implementation of our upcoming project. This influence included both 
data collection, such as providing portable consumer-grade smartphone cameras for participants, 
and data analysis, potentially involving image processing with AI models to instantly segment 
forest canopy gaps.

Conclusions

We recommend integration of gamification into forthcoming citizen science projects to encourage 
participants to collect forest leaf area index measurements for research purposes. Data collected 
this way can be used, for example, to calibrate remote sensing based LAI maps into local condi-
tions. Gamified data collection can help to guide citizen scientists into desired locations and collect 
high-quality LAI measurements in the way set by the researchers. Our simulations suggest that 
collecting 20 forest canopy images at the hinge angle can provide a satisfactory accuracy for this 

Fig. 7. Illustration of citizen scientists taking images at the hinge angle (θ = 57°) following gamified instructions. A bird 
will appear on the screen of the smartphone screen to help participants to locate the angle and capture images.
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purpose. Collecting four images at 90° azimuth intervals is a viable alternative if productivity is 
preferred instead of accuracy. The next steps are to organize a real gamified LAI data collection 
project, and test how much calibration with such measurements can improve the accuracy of 
remotely sensed LAI maps.
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