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Abstract  Agrivoltaic systems, combining solar 
energy generation with agricultural activities, offer a 
sustainable approach to maximising land efficiency. 
However, these systems can present challenges, such 
as potential shading effects that may impact fruit 
quality or crop yields. This study evaluated the impact 
of overhead agrivoltaic systems on apple (Malus 
domestica L. cv. Gala) ripening and maturation pat-
terns in a temperate orchard near Lake Constance, 
Germany. Experiments compared apples grown under 
conventional conditions (control) with those under 
agrivoltaic setups equipped with semi-transparent 
photovoltaic panels utilizing spatially distributed 
cells for 40% light transparency installed with a 70% 
ground-coverage ratio. Key metrics, including fruit 
diameter, length, volume, and BBCH phenology 
stages, were monitored throughout the 2024 grow-
ing season. An IoT-based monitoring workflow was 

developed, combining fixed RGB image acquisition, 
automatic apple detection, colour-based ripening 
quantification, and time-series analysis to monitor 
visible maturation dynamics under field conditions. 
Results indicated that apples under agrivoltaic condi-
tions showed delayed visible red-colour development, 
reaching comparable image-derived colour-maturity 
thresholds approximately 10–12  days later than the 
control group. On September 13 (harvest), no sig-
nificant differences were found in mean length, while 
the diameter of agrivoltaic apples was significantly 
smaller (65.59  mm versus 70.98  mm), indicating 
slightly smaller dimensions under shaded conditions. 
Fruit volume and weight were approximately 16% 
lower under agrivoltaic conditions, averaging 161.16 
cm3 (138.6 g) versus 191.58 cm3 (164.8 g) in the con-
trol. The delayed visible maturation was consistent 
with reduced light availability under the solar panels, 
although fruit-level light availability and physiologi-
cal maturity indicators were not directly measured. 
These findings suggest that overhead agrivoltaic 
systems can significantly delay apple phenology and 
fruit maturation. Depending on the agricultural goals, 
the desired harvest timing and the cultivar, this may 
be challenging or beneficial, e.g., if it adapts the crop 
against climate change impacts or other factors such 
as local climate conditions, latitude and geographic 
region, and market demand. Integrating IoT-based 
monitoring with machine learning enhances the pre-
cision of agricultural assessments, providing valuable 
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data for managing the effects of agrivoltaic systems 
on crop development.

Keywords  Agrivoltaics · Precision agriculture · 
Internet of things (IoT) · Apple phenology · Fruit 
development · Malus domestica L. cv. Gala

Introduction

Apples (Malus domestica L.) are among the most 
widely grown fruit crops around the world, playing a 
key role both economically and nutritionally (Bramel 
& Volk 2019; Średnicka-Tober et  al. 2020). Apples 
are harvested for fresh consumption, cider produc-
tion, and processing uses, and the domesticated apple 
is believed to have originated primarily from its wild 
progenitor Malus sieversii L., a species native to 
Central Asia and parts of Western China (Volk et al. 
2021). Regarding global apple production, China 
leads by a considerable margin, producing over 47 
million tons in 2022, representing a substantial share 
of the total output of the world. Other important 
apple-producing nations include Turkey, the United 
States, and Poland, with yearly outputs of about 4.8 
million, 4.4 million, and 4.2 million tons, respectively 
(FAO 2022).

Recent research into apple phenology has pointed 
out how climate change impacts the timing of rip-
ening, as seen in shifting flowering and fruit-setting 
dates caused by rising temperatures (Ru et al. 2023). 
This situation calls for new strategies to adapt, and 
one possible solution could be using agrivoltaic sys-
tems. By altering the orchard microclimate and pro-
viding partial shading, agrivoltaic systems may help 
buffer excessive solar radiation and heat stress, poten-
tially moderating climate-driven shifts in phenology, 
fruit development, and harvest timing (Graham et al. 
2021; Lopez et al. 2023).

Agrivoltaics, which involves integrating photo-
voltaic panels into agricultural production, was first 
proposed in 1981 by researchers at the Fraunhofer 
Institute for Solar Energy Systems ISE (Goetzberger 
& Zastrow 1982). In recent years, these systems have 
gained traction as a sustainable way to optimise both 
land use and energy production (Amaducci et  al. 
2018; Dupraz et  al. 2011). Although agrivoltaic set-
ups can present challenges for traditional precision 
agriculture techniques (Vélez et  al. 2024b), recent 

advances in technology and the pressing need for a 
transition towards low-carbon energy systems have 
helped to drive their adoption (Hu 2024). Agrivoltaic 
designs vary widely depending on crop type, manage-
ment requirements, and system objectives. In fruit-
crop and other horticultural systems, one common 
configuration consists of elevated photovoltaic mod-
ules installed above the crop canopy (Trommsdorff 
et  al. 2022). This overhead configuration provides 
partial shade, limiting light availability (Marrou et al. 
2013) and potentially affecting plant growth and fruit 
ripening (Hudelson & Lieth 2021).

This shading effect is particularly important in 
apple farming since it is well-known that light directly 
influences fruit development and quality (Jackson 
1970). Given the role that light plays in the ripening 
process, accurately determining when apples are ripe 
is crucial for deciding the right time to harvest, which 
affects not just quality but also how long the apples 
will store and their value in the market (Knee 2002). 
Apple ripeness is influenced by various factors, such 
as starch breakdown, firmness, and ethylene produc-
tion, which can all be measured to pinpoint the opti-
mal harvest period (Skic et  al. 2016). Harvesting 
apples at the right time ensures better texture, flavour, 
and longer storage potential, with maturity signifi-
cantly impacting the post-storage quality and overall 
taste of the fruit (Hasan et al. 2024).

Traditionally, assessing the ripeness of fruits has 
relied on the experience of agronomists, who typi-
cally evaluate visual characteristics such as skin col-
our, firmness, and the overall appearance of the fruit 
(Blanpied & Silsby 1992). Although these methods 
are subjective and can vary between specialists, they 
have long been the most commonly used approach 
and remain in practice today for determining fruit 
maturity and different stages of phenological develop-
ment (Ramos & Yuste 2023). Many experts base their 
assessments on standardised scales like the BBCH 
scale (Meier 2001), which offers a uniform system for 
categorising plant development stages. While these 
traditional methods are not always precise, they still 
play an important role, having formed the basis of 
ripeness evaluation for many years.

However, advancements in precision agriculture 
have introduced newer technologies to make these 
assessments more accurate and efficient (Ariza-Sentís 
et al. 2023; Gu et al. 2024). One notable development 
is the use of fixed cameras integrated into Internet 
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of Things (IoT)-based monitoring systems, which 
acquire field images and transmit them remotely for 
the continuous assessment of fruit growth and ripe-
ness (Lee et al. 2022; Rajak et al. 2023). These sys-
tems rely on computer vision and machine learning 
algorithms to analyse images, allowing them to detect 
small changes in fruit colour and size that indicate the 
stages of ripening (Olorunfemi et al. 2024).

The use of IoT technology has further enhanced 
the capabilities of these monitoring systems. Sensors 
for temperature, humidity, soil moisture, and light 
intensity now provide real-time data that can guide 
decisions about crop management (Shahab et  al. 
2024). These IoT-based systems gather data from the 
field, send it to a cloud platform, and enable detailed 
analysis (Song et al. 2024). Studies have shown that 
these systems can significantly improve agricultural 
productivity and resource management (Khuwaja 
et  al. 2023), allowing for real-time monitoring of 
critical factors like temperature, humidity, and soil 
conditions. This capability helps farmers track field 
conditions remotely, receive timely alerts for critical 
situations, and optimise their practices, saving time 
and labour while boosting efficiency and sustainabil-
ity (Oguz et al. 2024).

IoT camera networks, in particular, are key to col-
lecting continuous data and remotely monitoring 
crops (Jayaraman et  al. 2016). These cameras are 
also effective for pest detection, using high-resolution 
sensors to track crop conditions, which enables farm-
ers to respond more quickly to potential infestations 
(Rajak et  al. 2023). Combined with machine learn-
ing, such systems are highly accurate in predicting 
plant diseases and optimising farming techniques 
(Nayagam et al. 2023), which leads to better decision-
making and improved yields.

In image analysis for agriculture, the YOLO 
model has gained popularity. For instance, Parico 
& Ahamed (Parico & Ahamed 2021) developed a 
pear-counting system using YOLOv4, which per-
formed accurately and quickly. Koirala et  al. (Koi-
rala et  al. 2019) applied the YOLO algorithm to 
RGB images to detect fruit and assess its ripeness, 
showcasing the potential for real-time applications, 
and Mutha et al. (Mutha et al. 2021) used YOLOv3 
and convolutional neural networks to identify the 
maturity and position of tomatoes, supporting auto-
mated harvesting with robotic arms.

In apple production, real-time detection is criti-
cal for monitoring growth stages and estimating 
yield. Tian et  al. (Tian et  al. 2019) introduced the 
YOLO-V3 Dense model, which improves detection 
accuracy, especially in challenging conditions like 
overlapping fruits, by incorporating DenseNet and 
image augmentation techniques. This model sur-
passed Faster R-CNN with VGG16 in both speed 
and precision. Similarly, Gao et al. (Gao et al. 2022) 
created a method using YOLOv4-tiny and CSR-
DCF algorithms to track apple tree trunks instead 
of individual fruits, further enhancing speed and 
accuracy in orchard settings, highlighting its poten-
tial for broader yield estimation. One of the latest 
versions of the algorithm, YOLOv8 (Jocher et  al. 
2023), has demonstrated superior performance in 
fruit detection tasks. It has outperformed Faster 
R-CNN in apple detection tasks (Sawant et al. 2024) 
and Mask R-CNN, achieving higher precision and 
recall across both datasets. This makes YOLOv8 
ideal for real-time applications like robotic harvest-
ing (Sapkota et al. 2024).

With this context in mind, this study evaluates 
the effects of agrivoltaic systems on apple ripen-
ing, hypothesising that shading and microclimate 
changes from agrivoltaics impact the ripening pro-
cess. To test this, experiments were conducted in 
two settings: apples growing under conventional 
conditions (control) and apples growing under an 
agrivoltaic setup. Throughout 2024, fruit-level 
metrics, such as fruit diameter, length, shape, vol-
ume, weight, and BBCH phenology stages, were 
monitored. Ripeness, based on colour changes, was 
assessed using an IoT fixed-camera system and a 
curated time series of valid telephoto RGB images. 
While RGB-based computer vision and object-
detection methods have previously been applied 
to fruit detection, sizing, and maturity assessment, 
this study develops and applies an IoT-based moni-
toring workflow for time-series analysis of visible 
apple ripening dynamics under field conditions. The 
workflow integrates fixed RGB imaging, automatic 
fruit detection, colour-based ripening quantifica-
tion, and temporal analysis to compare maturation 
patterns between agrivoltaic and control orchard 
conditions.
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Materials and methods

Study site

The experiments were conducted during the 2024 
growing season in a 0.4  ha agrivoltaic orchard situ-
ated at 425  m above sea level in Kressbronn am 
Bodensee (9.60425°E, 47.6017°N, WGS 84), south-
western Germany, near Lake Constance. The proxim-
ity to the lake and the surrounding alpine region con-
tribute to a temperate climate that supports intensive 
apple production, making this area one of the main 
apple-growing regions in Germany (Von Königslöw 
et al. 2022). These conditions make the site suitable 
for evaluating agrivoltaic systems in a commercial 
fruit-production context.

The orchard consisted of apple trees (Malus 
domestica L.) cv Gala grafted onto M.9 rootstock. 
The agrivoltaic structure was installed in 2022 in an 
existing commercial apple orchard. The orchard had 
two distinct zones: agrivoltaic and control (Fig.  1). 
In the agrivoltaic zone, the focus was on the south-
ern part, where plants grow beneath an elevated struc-
ture equipped with semi-transparent photovoltaic 
solar panels made of certified double glass modules 
(EN12600) suitable for overhead installation. These 
solar panels, each with a power capacity of 260 Wp, 
were constructed using monocrystalline cells, fea-
turing 50 cells per module and providing 40% light 
transparency due to the spatial distribution of the 
cells. The agrivoltaic system offered an approxi-
mate total power output of 147 kWp and had a 70% 

ground-coverage ratio, meaning the solar panel struc-
ture covered 70% of the available land. The projected 
area of the modules more than completely covered 
the trees; in contrast, the control zone had no such 
structures.

The main difference between the two zones was 
the presence of the solar panels and the structure. The 
whole orchard was managed uniformly throughout the 
year. This included the same pruning, thinning, irri-
gation, and ground-cover management in the agrivol-
taic and control zones. The apple rows had an NE-SW 
orientation in both zones, optimising sunlight expo-
sure. The orchard floor was maintained with natural 
vegetation cover in both zones. Both the agrivoltaic 
and control zones were managed under the same drip-
irrigation programme throughout the growing season 
to ensure a consistent water supply. Using specialized 
stations, temperature (°C) and relative humidity (%) 
trends were recorded between June 1 and September 
13 (Fig.  2), using shielded air-temperature and rela-
tive-humidity sensors installed within the tree canopy 
in both the agrivoltaic and control zones.

The sensors were connected to a field data-acquisi-
tion cabinet equipped with an ExpertDAQ EX-9132C 
RS232-to-RS485 converter (ExpertDAQ, Germany) 
and Phoenix Contact STEP POWER supply units 
(Phoenix Contact GmbH & Co. KG, Blomberg, Ger-
many). The sensor data were collected through the 
field acquisition system using wired serial commu-
nication and subsequently transferred to the project 
database through the site’s internet-connected data 
infrastructure for storage, export, and analysis. An 

Fig. 1   a Apple trees under 
solar panels in the overhead 
agrivoltaic facility located 
in Kressbronn am Boden-
see, Germany (9.60425°E, 
47.6017°N, WGS 84), 
monitored by a fixed cam-
era. b camera monitoring 
the control orchard zone 
outside the shaded region

a b
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Fig. 2   Seasonal evolution of microclimatic conditions in the 
orchard between June 1 and September 13, 2024: a air tem-
perature (°C) and b relative humidity (%). Measurements cor-

respond to the agrivoltaic zone, the control zone, and the ele-
vated weather station above the field. Dashed lines indicate 4-h 
averages, while solid lines indicate daily averages
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elevated weather station located above the solar-panel 
installation recorded the general weather conditions 
of the field.

Phenology and agronomic data collection

Apple tree phenology and fruit maturity were manu-
ally monitored on June 19, July 18, and September 
13. Expert agronomists collected field data to track 
fruit maturation and assess phenological stages, com-
paring growth patterns in both agrivoltaic and con-
trol zones (Fig.  3). This approach provided insights 
into the developmental stages and potential effects 
of the agrivoltaic environment and microclimate on 
the progression of the fruit. Thus, the apple phenol-
ogy was assessed through visual inspection and tac-
tile assessment using the BBCH scale (Meier 2001). 
For skin colour, the apples were inspected, noting 
the progression of redness, which serves as a natural 
ripeness indicator. For firmness, the fruit was pressed, 
observing texture variations that signify ripening. 
Additionally, general appearance was assessed to 
observe overall tree growth, leave and fruit size, and 
uniformity.

On each sampling date, five trees per treatment 
were selected for manual fruit measurements. Five 
apples were measured on each side of each selected 
tree, resulting in 50 apples per treatment and date 
and 300 fruit measurements across the two treat-
ments and three sampling dates. Fruit length and 
diameter were measured with Vernier callipers 
(Christodoulou & Culham 2021). These measure-
ments were used to calculate fruit volume and 
the fruit shape index, expressed as the length-to-
diameter (L/D) ratio, a commonly used descriptor 
of apple fruit shape and varietal consistency (Cur-
rie et  al. 2000; Tabatabaeefar & Rajabipour 2005; 
Tromp 1990; Zhou et  al. 2021). The sampled fruit 
were treated as subsamples within the monitored 
agrivoltaic and control zones. Individual fruits were 
not tracked repeatedly across dates, and the avail-
able dataset did not retain a hierarchical tree-level 
identifier suitable for mixed-model analysis. There-
fore, the statistical comparisons should be inter-
preted as fruit-level comparisons between the moni-
tored zones and dates, rather than as fully replicated 
treatment-level inference.

BBCH 75 BBCH 76 BBCH 78 BBCH 79

BBCH 81 BBCH 85 BBCH 87-89

Fig. 3   Apple developmental stages recorded during the 
experiment located in Kressbronn am Bodensee, Germany 
(9.60425°E, 47.6017°N, WGS 84), monitored in 2024 under 
the overhead agrivoltaic facility through various BBCH growth 
stages (Meier 2001): Fruit development (BBCH 75—Fruit 
about half final size, BBCH 76—Fruit about 60% final size, 
BBCH 78—Fruit about 80% final size, and BBCH 79—Fruit 

about 90% final size), and Maturity of fruit and seed (BBCH 
81—Beginning of ripening with the first appearance of cul-
tivar-specific colour, BBCH 85—Advanced ripening with 
increased colour intensity, and BBCH 87–89—Full ripeness, 
ready for picking and consumption with typical taste and firm-
ness)
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IoT data collection and transmission

RGB image acquisition was scheduled during the 
2024 monitoring period using IoT-capable RGB 
cameras to monitor apples and evaluate their vis-
ible phenology and maturation dynamics. Manual 
field assessments were conducted on June 19, July 
18, and September 13, 2024. The image-derived col-
our analysis was based on the curated subset of valid 
morning CAM_2 telephoto images retained after 
quality screening and normal orchard-management 
operations.

Although the BBCH scale for pome fruit (Meier 
2001) was used for tracking growth, it presented limi-
tations in accurately establishing maturity levels with 
the studied cultivar, which exhibited cultivar-specific 
colour before the BBCH 81 stage (Fig. 3). The BBCH 
codes in growth stage 7 are oriented towards assess-
ing final fruit size rather than the colour change, 
which starts to be considered in stage 8 (BBCH 81: 
Beginning of ripening, or first appearance of culti-
var-specific colour). Due to this limitation, the IoT 
camera was essential in supplementing the BBCH 
scale by providing continuous, objective data on fruit 
colour and size progression, offering an additional 
assessment of maturation.

Therefore, data were collected using the METOS 
CropVIEW Dual system (Pessl Instruments GmbH, 
Weiz, Austria), an IoT-based agricultural monitoring 
solution designed for remote monitoring of crop and 

fruit growth by capturing real-time, high-resolution 
images of the crops at regular intervals. The system 
featured a dual-camera setup housed in an IP65-rated 
weatherproof casing, ensuring its durability in vari-
ous environmental conditions.

The camera system (Fig.  4) was equipped with 
10-megapixel CMOS MT9J003 RGB sensors with 
a sensor size of 2/3 inches. It included a wide-angle 
lens (DSL377A-650-F2.8) with a focal length of 
2.5 mm and a telephoto lens (DSL901J-650F3.0) with 
a focal length of 12  mm. The wide-angle lens was 
used only to provide a panoramic contextual view of 
the orchard and was not used for colour-based matu-
rity analysis. All image-derived ripening metrics were 
calculated from the telephoto images, which provided 
a narrower and more detailed view of the monitored 
fruit area.

To ensure the system was completely autonomous 
and suitable for installations in remote field locations, 
it was powered by a rechargeable 6 V, 12Ah battery 
capable of operating within a temperature range from 
− 35 °C to 80 °C. The battery was recharged with a 
solar panel measuring 17.5 × 17.5  cm, capable of 
providing continuous power via an output of 7.2  V 
and 333 mA.

Each IoT RGB camera system was installed at a 
height of 1.7 m in the field. Image acquisition was 
scheduled for one daily capture at 09:00 local time. 
The exported CropVIEW filenames retained the 
recorded acquisition timestamps from the system, 

a b

Fig. 4   Example images collected by the IoT-capable RGB 
camera system during the 2024 monitoring period. The system 
included two high-resolution sensors: a a wide-angle lens used 

for panoramic orchard context and b a telephoto lens used for 
image-based fruit-colour analysis. Images were transmitted to 
the cloud platform for remote analysis
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and these timestamps did not always exactly match 
the nominal scheduled time. Therefore, to avoid 
excluding valid scheduled acquisitions because of 
timestamp deviations and to ensure broadly com-
parable illumination conditions for colour-based 
analysis, only valid morning CAM_2 telephoto 
images with recorded timestamps between 07:00 
and 11:59 were retained; images captured at noon 
or later were excluded. Image availability dif-
fered slightly between dates and zones because the 
curated image subset reflects the available field-
image records after quality screening and normal 
orchard-management operations. The cameras were 
placed in the row adjacent to the monitored tree 
row and pointed towards the northwest (NW) to 
reduce direct sunlight during image acquisition and 
minimise overexposure. The approximate camera-
to-canopy distance was 3  m, corresponding to the 
row spacing between the camera row and the moni-
tored tree row.

Finally, the collected data were automatically 
transmitted via the communication module (Cortex 
M4 processor module) equipped with UMTS (3G) 
and LTE (4G) standards to a cloud-based platform 
(FieldClimate, Pessl Instruments GmbH, Weiz, 
Austria).

Image processing and analysis

An IoT-based image-analysis workflow was imple-
mented to derive a time-series visible-colour maturity 
index from fixed RGB images. Images acquired with 
the telephoto lens of the IoT RGB camera system in 
both the agrivoltaic and control orchard zones were 
processed and analysed to assess apple ripeness and 
phenological progression based on visible colour 
changes. The complete workflow is summarised in 
Fig. 5, from field image acquisition and remote data 
transfer to image preprocessing, apple detection, col-
our quantification, and temporal maturity analysis.

Figure 6 provides a representative example of the 
main image-preprocessing and apple-detection steps 
applied to the RGB images. The image-processing 
stage started with image coregistration, normalisa-
tion, and masking. Coregistration ensured consist-
ent spatial alignment across images acquired on 
different dates, correcting minor positional shifts 
caused by environmental factors such as wind or 
natural changes in fruit position. The Scale-Invar-
iant Feature Transform (SIFT) algorithm was used 
for this purpose (Lowe 1999), allowing the same 
tree area to be analysed throughout fruit devel-
opment. Following alignment, histogram match-
ing was applied independently to the RGB chan-
nels using scikit-image to reduce image-to-image 

Fig. 5   IoT-based workflow used to derive the time-series 
visible-colour maturity index from fixed RGB images. The 
workflow included field image acquisition, remote data trans-

fer, image preprocessing, apple detection, HSV-based colour 
quantification, and temporal comparison of maturation dynam-
ics between the agrivoltaic and control treatments
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differences in brightness and contrast. A common 
reference histogram was constructed from the full 
telephoto image set, including both agrivoltaic and 
control images, and the same reference was applied 
to both treatments. This avoided using treatment-
specific references that could artificially increase 
or reduce colour differences between the monitored 
zones. This step reduced the influence of variable 
illumination, glare, and exposure differences, help-
ing to ensure that the observed colour changes were 
mainly related to fruit development rather than to 
lighting inconsistencies (Gonzalez & Woods 2018). 
No physical colour calibration target was installed 

in the field; therefore, the RGB-derived maturity 
index was interpreted as a relative visible-colour 
indicator rather than as an absolute colourimetric 
measurement.

Finally, a fixed region of interest was used to 
standardise the analysed area and exclude background 
rows from the analysis. Unlike dynamic masking 
approaches that automatically detect the first row of 
vegetation (Vélez et al. 2024a), a dynamic row-detec-
tion step was unnecessary here because the images 
consistently captured the same fixed scene using a 
stationary camera. After preprocessing, visible apples 
were detected using the default COCO-pretrained 

Coregistration 
N

orm
 

Masking 

HSV analysis 

a b 

d c 

e 
f 

Fig. 6   Representative example of image preprocessing, apple 
detection, and HSV-based colour analysis. Telephoto RGB 
images were coregistered to align the monitored tree area 
across dates, normalised to reduce illumination differences, 
and masked to retain the fixed region of interest while exclud-

ing background rows. The default COCO-pretrained YOLOv8 
weights provided by Ultralytics were then used to detect vis-
ible apples from the COCO “apple” class and generate bound-
ing boxes. Colour maturity was quantified separately from the 
detected fruit regions using HSV-based red-pixel analysis
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YOLOv8 weights provided by the Ultralytics library 
(Jocher et  al. 2023). The model was used with the 
COCO “apple” class to identify apple bounding boxes 
in the RGB images. No additional training or fine-
tuning was performed using orchard-specific images. 
Inference was performed using the default Ultralyt-
ics settings for image size, confidence threshold, and 
intersection-over-union threshold.

Ripeness was then quantified using a rule-based 
colour analysis within each detected bounding box, 
rather than as a direct YOLOv8 classification output. 
Each image was timestamped for chronological track-
ing. Within each bounding box, an elliptical mask 
was applied to reduce the influence of corners and 
surrounding background pixels, and red hues were 
isolated in the HSV colour space. The percentage 
of red pixels was then calculated for each detected 
fruit and used as an image-based indicator of colour 
development. Occlusions caused by leaves, branches, 
or neighbouring fruits were handled by restricting 
the analysis to the visible fruit area detected in each 
image. Detections with extreme red-pixel percent-
ages were removed using an interquartile range (IQR) 
filter. However, the method did not reconstruct non-
visible fruit surfaces; therefore, the resulting matu-
rity metric should be interpreted as a visible-surface 
colour index rather than a whole-fruit physiological 
maturity measurement.

Data processing and analysis were performed on 
a computer equipped with an Intel i5-11600 K CPU, 
32 GB RAM, and an NVIDIA GTX 970 GPU. Cus-
tom scripts were written in Python 3.11.9 and R 4.4.1. 
Image processing was performed using OpenCV 
4.10.0 for image coregistration, masking, and HSV 
colour-space operations; scikit-image 0.24.0 for his-
togram matching and image normalisation; and ultr-
alytics 8.2.87 for YOLOv8-based apple detection. 
Statistical analyses were conducted in R using the 
Shapiro–Wilk test for normality. Because normal-
ity was not met consistently across variables, dates, 
and treatments, fruit-level comparisons of continuous 
variables between the monitored agrivoltaic and con-
trol zones were performed using the Mann–Whitney 
U test. BBCH phenology stages were compared using 
Fisher’s Exact Test. These tests were used as descrip-
tive comparisons of sampled fruit distributions and 
observed phenological stages and did not account 
for a hierarchical tree-level structure or replicated 

treatment plots. Data processing and visualisation 
used ggplot2, dplyr, readxl, and tidyr.

Results

Field observations showed clear differences in phe-
nological development between the control and agri-
voltaic treatments across the 2024 growing season. 
On June 19, apples in both treatments were still at an 
early developmental stage, although control apples 
showed slightly more advanced colour development 
than those in the agrivoltaic zone. By July 18, fruit 
size had increased in both treatments, but red coloura-
tion remained more advanced in the control group. 
By September 13, the control apples had reached 
full ripeness, whereas apples in the agrivoltaic zone 
remained at a less advanced ripening stage, with 
lower red colouration and slightly smaller fruit size.

The field-based measurements confirmed these 
visual observations (Table 1). Fruit diameter, volume, 
and weight were generally lower in the agrivoltaic 
treatment than in the control treatment. On June 19, 
mean fruit diameter was 36.22 mm in the agrivoltaic 
group and 39.78  mm in the control group. By Sep-
tember 13, mean diameter reached 65.59 mm in the 
agrivoltaic group and 70.98 mm in the control group. 
Fruit length showed smaller differences between 
treatments; although agrivoltaic apples were shorter 
than control apples in June, length differences were 
no longer statistically significant later in the sea-
son. At harvest, mean fruit volume was 161.16 cm3 
in the agrivoltaic group and 191.58 cm3 in the con-
trol group, while mean fruit weight was 138.6 g and 
164.8 g, respectively.

Phenological assessment using the BBCH scale 
also indicated delayed development under agrivoltaic 
conditions (Table  1). On September 13, the control 
group had reached BBCH89, corresponding to full 
ripeness, whereas the agrivoltaic group remained at 
BBCH85, indicating advanced but incomplete ripen-
ing. This difference was consistent with the lower red 
colouration observed in the agrivoltaic apples at the 
end of the monitoring period.

The image-derived maturity index based on RGB 
colour analysis showed a similar pattern (Fig. 7). The 
control group showed earlier and faster red-colour 
development than the agrivoltaic group. From June to 
August, the image-derived maturity index indicated 
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earlier red-colour development in the control group, 
whereas the agrivoltaic group showed a delayed 
increase in red colouration. This result is presented as 
a descriptive trend based on the image-derived matu-
rity index, not as a separate statistical test. By early 
September, the control group reached approximately 
70% maturity according to the image-derived colour 
index, while the agrivoltaic group reached approxi-
mately 40% over the same period.

Based on the image-derived maturity thresholds, 
apples in the agrivoltaic treatment reached 30%, 40%, 
and 50% colour maturity approximately 12, 10, and 
12 days later, respectively, than apples in the control 
treatment. These results indicate a consistent delay in 
visible red-colour development under the agrivoltaic 
structure.

Discussion

This study showed that overhead agrivoltaic shading 
was associated with delayed visible apple matura-
tion, slightly smaller fruit size, and slower phenologi-
cal progression compared with the control orchard. 
This pattern was consistent across field-based BBCH 
assessments, manual fruit measurements, and the 
image-derived maturity index. The RGB image time 

series provided additional temporal resolution, show-
ing that, similar to previous research where dynamic 
agrivoltaic systems with fluctuating shading affect 
apple ripening (Juillion et  al. 2024), apples under 
agrivoltaic conditions reached colour-maturity thresh-
olds approximately 10–12  days later than control 
apples, with the temporal evolution of maturity levels 
showing that by early September, the control group 
had reached a mean maturity percentage of approxi-
mately 70%, whereas the agrivoltaic group was about 
40% (Fig. 7).

The delayed maturation trend observed in the agri-
voltaic treatment, reflected by lower image-derived 
maturity percentages, delayed BBCH development, 
and a later onset of rapid red-colour progression, is 
consistent with reduced light availability under the 
photovoltaic structure. Light is a major driver of 
anthocyanin synthesis in apple skin, which is respon-
sible for red pigmentation and therefore directly influ-
ences the colour-based maturity index used in this 
study (Mei et al. 2023). Reduced light exposure may 
also affect physiological ripening processes through 
changes in carbon assimilation and ethylene-related 
pathways, as reported for shaded apples (Klein et al. 
2001).

Temperature can also affect anthocyanin bio-
synthesis, and cool nighttime conditions are often 

Table 1   Summary of 
mean values (± standard 
deviation) for fruit-level 
metrics measured in the 
control and agrivoltaic 
zones in 2024

Phenology values are the 
most frequent BBCH stage 
(mode). Continuous fruit 
variables were compared 
using the Mann–Whitney 
U test, while BBCH 
phenology stages were 
compared using Fisher’s 
Exact Test. Bold value 
indicate P-values below 
0.05 indicate statistically 
significant fruit-level 
differences between 
sampled apples from the 
monitored zones and dates

Variable Date Control Agrivoltaic p-value

Diameter (mm) 19/06/2024 39.78 ± 5.84 36.22 ± 6.67 0.01
18/07/2024 51.40 ± 7.34 47.51 ± 8.46 0.02
13/09/2024 70.98 ± 8.12 65.59 ± 9.59 0.01

Length (mm) 19/06/2024 41.30 ± 5.47 37.80 ± 6.79 0.01
18/07/2024 51.92 ± 7.04 49.18 ± 8.19 0.11
13/09/2024 70.05 ± 8.19 67.54 ± 9.26 0.16

Fruit shape index 19/06/2024 1.04 ± 0.04 1.05 ± 0.04 0.22
18/07/2024 1.01 ± 0.05 1.04 ± 0.05 <0.01
13/09/2024 0.99 ± 0.04 1.03 ± 0.03 <0.01

Volume (cm3) 19/06/2024 36.22 ± 15.32 28.52 ± 15.53 0.01
18/07/2024 75.85 ± 31.34 63.28 ± 33.14 0.04
13/09/2024 191.58 ± 61.10 161.16 ± 67.15 0.04

Weight (g) 19/06/2024 31.15 ± 13.17 24.53 ± 13.36 0.01
18/07/2024 65.23 ± 26.95 54.42 ± 28.50 0.04
13/09/2024 164.76 ± 52.55 138.60 ± 57.75 0.04

Phenology 19/06/2024 BBCH76 BBCH75 0.05
18/07/2024 BBCH77 BBCH76 0.10
13/09/2024 BBCH89 BBCH85 <0.01
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reported as favourable for red colour development 
in apples (Ryu et  al. 2017; Xue et  al. 2021). How-
ever, the temperature and relative-humidity data 
recorded in this study did not show a clear or con-
sistent increase in nighttime temperature under the 
agrivoltaic structure. Therefore, elevated nighttime 
temperature cannot be identified as the main driver 
of the delayed red-colour development observed here. 
Reduced light availability under the photovoltaic 
structure provides a plausible explanation that is con-
sistent with the agrivoltaic treatment and with previ-
ous studies on apple colour development, but light 
availability at the fruit surface was not directly quan-
tified in this study. Temperature and humidity may 
also have acted as secondary microclimatic modifiers, 
although their individual causal contributions could 
not be isolated in this experimental design.

This interpretation is consistent with previous 
agrivoltaic studies showing that shading can extend 
crop development cycles, although the direction and 
magnitude of the effect depend on crop type, culti-
var, local climate, system design, and target harvest 
window (Elamri et  al. 2018). (Juillion et  al. 2022) 
reported no significant delay in apple ripening under 

agrivoltaic shading when maturity was defined based 
on starch degradation and firmness. However, those 
studies were conducted on ‘Golden Delicious’, a 
yellow-green cultivar with limited red pigmenta-
tion, whereas the present study used the red-coloured 
cultivar ‘Gala’. This cultivar difference is important 
because colour-based responses to shading are likely 
to be more evident in red apple cultivars, where 
anthocyanin-related skin colouration is a major exter-
nal maturity trait. A subsequent study by the same 
authors (Juillion et  al. 2023) nevertheless reported 
differences in apple colour, highlighting the influence 
of shading on external fruit quality.

Similar delays in fruit ripening under shaded 
conditions have been reported in other studies. For 
instance, Jackson (Jackson 1970) observed that 
reduced light intensity in apple orchards led to 
delayed fruit maturation, with large and well-coloured 
fruits only developing under high light-intensity con-
ditions. Serra et al. (Serra et al. 2020) found that pho-
toselective netting reduces red colour development 
in apples by altering the light spectrum, particularly 
by decreasing UV and red-to-far-red wavelengths 
essential for anthocyanin production. These findings 

Fig. 7   Temporal evolution of the moving average of maturity (Red percentage) in apples for agrivoltaic and control groups. The 
dashed lines represent the weekly moving average, with shaded areas indicating the 95% confidence intervals (CI) for each group
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align with the findings of this study, suggesting that 
shading from agrivoltaic panels reduces light avail-
ability, thereby slowing down the physiological pro-
cesses involved in ripening. The discrepancy may be 
due to differences in shading intensity and stability, 
as dynamic agrivoltaic systems with fluctuating shad-
ing could have varied effects. This research studied 
overhead agrivoltaic systems that provided consistent 
shading, possibly applying a greater influence on rip-
ening processes.

The smaller fruit diameter, volume, and weight 
observed under agrivoltaic conditions are consist-
ent with previous studies showing that shading can 
reduce apple fruit size and weight by limiting photo-
synthesis and carbohydrate availability (Miller et  al. 
2015). However, agrivoltaic studies have reported 
mixed effects on fruit size, with initial reductions 
followed by more stable responses in later years, 
possibly related to improved water retention under 
shade (Juillion et al. 2022). These contrasting results 
indicate that fruit-size responses under agrivoltaics 
depend on cultivar, season, water availability, and 
system design. Although the observed reductions in 
diameter and length at harvest were below 10%, they 
remain relevant for commercial grading and harvest 
planning.

The fruit shape index showed small but signifi-
cant differences at later stages, suggesting that agri-
voltaic shading may have slightly altered fruit mor-
phology. However, because seed formation, flower 
position, crop load, and tree-vigour variables were 
not quantified, the mechanisms behind this response 
cannot be isolated in the present study. Previous 
work indicates that fruit shape is often influenced 
indirectly by environmental and developmental 
factors rather than by a single direct driver (Reher 
et al. 2024; Tromp 1990).

Alongside the points mentioned above, it is 
essential to note that this study not only examines 
the agronomic aspects of the crop but also uses IoT-
based monitoring for enhanced assessment. The 
IoT-based monitoring workflow enabled automated 
detection and quantification of visible apple colour 
development from fixed RGB image time series. 
This approach provided continuous, objective data 
on fruit ripening, complementing traditional agro-
nomic observations. Although RGB imaging does 
not provide the spectral resolution of multispectral 
or hyperspectral sensors and was not specifically 

designed to measure physiological ripeness, the 
curated image time series provided consistent visual 
information on fruit colour development. Therefore, 
RGB-based monitoring was useful for comparing 
relative maturation dynamics between the agrivol-
taic and control treatments, while absolute maturity 
should still be interpreted together with conven-
tional agronomic indicators. The use of a physical 
colour calibration target could improve absolute or 
cross-site colour comparability, although its routine 
use may be less practical in commercial orchard 
deployments because of maintenance, weathering, 
dirt accumulation, shading, and occlusion.

The findings highlight a potential disconnect 
between discrete, size-oriented phenological assess-
ments and continuous indicators of visible maturity 
under shaded conditions. The BBCH scale remains use-
ful for standardized field assessment, but stages BBCH 
75–79 primarily describe fruit-size development, 
whereas cultivar-specific colour development is only 
explicitly incorporated from BBCH 81 onward (Meier 
2001). The integration of IoT-based monitoring sys-
tems therefore raises a broader question: are standard-
ised phenological scales such as BBCH still sufficient 
on their own for tracking fruit development, or should 
they be complemented with continuous, objective, and 
remotely collected indicators, not only in agrivoltaic 
orchards but also in other cropping systems?

Although the temperature and relative-humidity 
data provided useful microclimatic context, threshold-
based analyses of heat stress, frost risk, sunburn risk, 
and water-use efficiency were outside the scope of this 
study. Other studies have reported potential protective 
functions of overhead agrivoltaic systems, including 
frost protection, hail protection, and reduced sunburn 
risk (Juillion et  al. 2022; Trommsdorff et  al. 2022; 
Wittich 2021). These functions should be evaluated in 
dedicated multi-season studies before being weighed 
against delayed fruit maturation.

Finally, this study has several limitations. It was 
limited to a single cultivar, one growing season, one 
monitored agrivoltaic zone, and one monitored con-
trol zone. Therefore, the results should be interpreted 
as differences between the monitored zones under the 
conditions of this study, rather than as fully replicated 
treatment-level effects. Responses may differ across 
cultivars, seasons, regions, and agrivoltaic system 
designs. Tree-vigour variables, such as trunk diameter, 
trunk cross-sectional area, shoot growth, and leaf area 
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index, were not measured; future multi-season studies 
should include these parameters to distinguish direct 
fruit-level responses from longer-term changes in veg-
etative growth. Future work should also evaluate agri-
voltaic design options, economic viability, fruit storage 
performance, and crop-development trade-offs across 
multiple seasons and cropping systems, since previous 
studies have shown that crop responses to agrivoltaic 
shading can vary substantially depending on species, 
climate, and system configuration (Marrou et al. 2013; 
Sekiyama & Nagashima 2019). From a monitoring per-
spective, future implementations could extend the RGB 
workflow to continuous fruit-size estimation, although 
image-derived diameter measurements would require 
geometric calibration, scale referencing, or depth/ste-
reo information. Edge-processing functions, such as 
filtering overexposed, incomplete, or atypical images 
and compressing repetitive data, could further reduce 
unnecessary data transmission (Bu & Wang 2019).

Conclusions

This study evaluated apple ripening and maturation 
patterns in one monitored conventional control zone 
and one monitored agrivoltaic zone in a commercial 
‘Gala’ orchard near Lake Constance, Germany, dur-
ing the 2024 growing season. A central contribution 
of the study was the development and application of 
an IoT-based monitoring workflow for continuous 
analysis of visible apple maturation dynamics under 
field conditions. The workflow combined fixed RGB 
image acquisition, COCO-pretrained YOLOv8 
apple detection, HSV-based red-pixel quantifica-
tion, and temporal maturity-threshold analysis to 
complement conventional agronomic and BBCH-
based assessments.

The results showed delayed visible colour devel-
opment, slower BBCH progression, and slightly 
smaller fruit size in the agrivoltaic zone compared 
with the control zone. At harvest, apples in the agri-
voltaic zone had lower mean diameter, volume, and 
weight than those in the control zone, whereas fruit 
length did not differ clearly between zones. The 
image-derived maturity index showed that apples in 
the agrivoltaic zone reached comparable visible col-
our-maturity thresholds approximately 10–12  days 
later than apples in the control zone. On Septem-
ber 13, the control apples had reached BBCH89, 

corresponding to full ripeness, whereas the agri-
voltaic apples remained at BBCH85, indicating 
advanced but incomplete ripening.

Reduced light availability under the photovol-
taic structure provides a plausible explanation for 
the delayed red-colour development observed in the 
agrivoltaic zone, particularly because red skin col-
ouration in ‘Gala’ apples is closely related to light-
dependent anthocyanin accumulation. However, fruit-
level light availability and physiological maturity 
indicators were not directly measured. Therefore, the 
results should be interpreted as zone-level differences 
observed under the conditions of this case study 
rather than as fully replicated treatment-level effects.

The proposed IoT-based workflow provided objec-
tive, time-resolved information on visible fruit-colour 
development and helped reveal maturation differ-
ences that would be difficult to characterise using 
only discrete manual assessments. This demonstrates 
the value of combining fixed camera systems, object 
detection, and colour-based image analysis for moni-
toring crop development in agrivoltaic orchards. 
Future versions of the workflow could be extended 
to earlier phenological stages, including blossom 
detection and counting, to support thinning decisions, 
spray timing, and yield estimation.

Future studies should evaluate replicated agriv-
oltaic designs across multiple seasons and cultivars, 
include tree-vigour and physiological maturity meas-
urements, and assess additional functions such as 
frost protection, sunburn reduction, water-use effi-
ciency, storage performance, and economic viability. 
Optimising agrivoltaic system design will require 
balancing energy production with crop-development 
objectives, and IoT-based monitoring workflows such 
as the one developed here can provide practical sup-
port for these decisions.

Acknowledgements  This work has been supported by the 
Iberdrola Foundation and the European Commission under 
the Marie Skłodowska-Curie Actions (MSCA)—E4F, part of 
the Horizon 2020 program (Grant Agreement No 101034297, 
https://​doi.​org/​10.​3030/​10103​4297). Sergio Vélez also 
holds a Distinguished Researcher contract (Beatriz Galindo, 
BG23/00073) funded by the Spanish Ministry of Science, 
Innovation and Universities under the 2023 call, within the 
framework of the State Plan for Scientific, Technical, and Inno-
vation Research (PEICTI) 2021–2023. Additional funding was 
provided by the State of Baden-Württemberg within the pro-
ject Modellregion Agri-PV BaWü (Grant Agreement No L75 
22114) and its subproject StaMoMo (Standard Monitoring 

https://doi.org/10.3030/101034297


Agroforest Syst         (2026) 100:264 	 Page 15 of 17    264 

Vol.: (0123456789)

of Modellregion Agri-PV BaWü). The authors also extend 
their gratitude to the Bernhard family for their support and 
collaboration.

Author contributions  Sergio Vélez: Conceptualization, 
Methodology, Software, Validation, Formal analysis, Inves-
tigation, Resources, Data Curation, Writing—Original Draft, 
Writing—Review & Editing, Visualisation, Supervision, Pro-
ject administration, Funding acquisition. Tamara Bretzel: 
Resources, Visualisation, Writing—Review & Editing. Rhea 
Anna Pöter: Visualisation, Writing—Review & Editing. Mat-
thew F. Berwind: Formal analysis, Writing—Review & Edit-
ing. Max Trommsdorff: Writing—Review & Editing, Supervi-
sion, Funding acquisition.

Funding  Open access funding provided by FEDER European 
Funds and the Junta de Castilla y León under the Research and 
Innovation Strategy for Smart Specialization (RIS3) of Castilla 
y León 2021-2027. European Commission, Marie Skłodowska-
Curie Actions (MSCA) - E4F, Horizon 2020 programme, Grant 
Agreement No. 101034297; State of Baden-Württemberg, 
project Modellregion Agri-PV BaWü, Grant Agreement No. 
L75 22114; Spanish Ministry of Science, Innovation and Uni-
versities, Distinguished Researcher contract Beatriz Galindo, 
BG23/00073.

Data availability  The dataset supporting this study is avail-
able at https://​doi.​org/​10.​5281/​zenodo.​21895​185.

Declarations 

Conflict of interest  The authors declare that they have no 
known competing financial interests or personal relationships 
that could have appeared to influence the work reported in this 
paper.

Open Access  This article is licensed under a Creative Com-
mons Attribution 4.0 International License, which permits 
use, sharing, adaptation, distribution and reproduction in any 
medium or format, as long as you give appropriate credit to the 
original author(s) and the source, provide a link to the Crea-
tive Commons licence, and indicate if changes were made. The 
images or other third party material in this article are included 
in the article’s Creative Commons licence, unless indicated 
otherwise in a credit line to the material. If material is not 
included in the article’s Creative Commons licence and your 
intended use is not permitted by statutory regulation or exceeds 
the permitted use, you will need to obtain permission directly 
from the copyright holder. To view a copy of this licence, visit 
http://creativecommons.org/licenses/by/4.0/.

References

Amaducci S, Yin X, Colauzzi M (2018) Agrivoltaic systems 
to optimise land use for electric energy production. Appl 
Energy 220:545–561. https://​doi.​org/​10.​1016/j.​apene​
rgy.​2018.​03.​081

Ariza-Sentís M, Baja H, Vélez S, Valente J (2023) Object 
detection and tracking on UAV RGB videos for early 
extraction of grape phenotypic traits. Comput Electron 
Agric 211:108051. https://​doi.​org/​10.​1016/j.​compag.​
2023.​108051

Blanpied GD, Silsby KJ (1992). Predicting harvest date win-
dows for apples (Information Bulletin No. 221). Cornell 
Cooperative Extension. https://​ecomm​ons.​corne​ll.​edu/​
server/​api/​core/​bitst​reams/​242b2​cd3-​40b2-​4843-​a2dc-​
bde02​d4c2f​0d/​conte​nt

Bramel P, Volk GM (2019). A global strategy for the conser-
vation and use of apple genetic resources. Global Crop 
Div Trust: Bonn, Germany. https://​doi.​org/​10.​13140/​
RG.2.​2.​34072.​34562

Bu F, Wang X (2019) A smart agriculture IoT system based 
on deep reinforcement learning. Future Gener Comput 
Syst 99:500–507. https://​doi.​org/​10.​1016/j.​future.​2019.​
04.​041

Christodoulou MD, Culham A (2021) Apples before the fall: 
does shape stability coincide with maturity? Quant Plant 
Biol 2:e5. https://​doi.​org/​10.​1017/​qpb.​2021.5

Currie AJ, Ganeshanandam S, Noiton DA, Garrick D, Shel-
bourne CJA, Oraguzie N (2000) Quantitative evalua-
tion of apple (Malus × domestica Borkh.) fruit shape 
by principal component analysis of Fourier descriptors. 
Euphytica 111(3):221–227. https://​doi.​org/​10.​1023/A:​
10038​62525​814

Dupraz C, Marrou H, Talbot G, Dufour L, Nogier A, Ferard 
Y (2011) Combining solar photovoltaic panels and food 
crops for optimising land use: towards new agrivoltaic 
schemes. Renew Energy 36(10):2725–2732. https://​doi.​
org/​10.​1016/j.​renene.​2011.​03.​005

Elamri Y, Cheviron B, Lopez J-M, Dejean C, Belaud G (2018) 
Water budget and crop modelling for agrivoltaic systems: 
application to irrigated lettuces. Agric Water Manag 
208:440–453. https://​doi.​org/​10.​1016/j.​agwat.​2018.​07.​001

FAO (2022) FAOSTAT: crops and livestock products. https://​
www.​fao.​org/​faost​at

Gao F, Fang W, Sun X, Wu Z, Zhao G, Li G, Li R, Fu L, Zhang 
Q (2022) A novel apple fruit detection and counting 
methodology based on deep learning and trunk tracking 
in modern orchard. Comput Electron Agric 197:107000. 
https://​doi.​org/​10.​1016/j.​compag.​2022.​107000

Goetzberger A, Zastrow A (1982) On the coexistence of solar-
energy conversion and plant cultivation. Int J Sol Energy 
1(1):55–69. https://​doi.​org/​10.​1080/​01425​91820​89098​75

Gonzalez RC, Woods RE (2018) Digital image processing. 
Pearson

Graham M, Ates S, Melathopoulos AP, Moldenke AR, 
DeBano SJ, Best LR, Higgins CW (2021) Partial shad-
ing by solar panels delays bloom, increases floral abun-
dance during the late-season for pollinators in a dryland, 
agrivoltaic ecosystem. Sci Rep 11(1):7452. https://​doi.​
org/​10.​1038/​s41598-​021-​86756-4

Gu Z, He D, Huang J, Chen J, Wu X, Huang B, Dong T, 
Yang Q, Li H (2024) Simultaneous detection of fruits 
and fruiting stems in mango using improved YOLOv8 
model deployed by edge device. Comput Electron Agric 
227:109512. https://​doi.​org/​10.​1016/j.​compag.​2024.​
109512

https://doi.org/10.5281/zenodo.21895185
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1016/j.apenergy.2018.03.081
https://doi.org/10.1016/j.apenergy.2018.03.081
https://doi.org/10.1016/j.compag.2023.108051
https://doi.org/10.1016/j.compag.2023.108051
https://ecommons.cornell.edu/server/api/core/bitstreams/242b2cd3-40b2-4843-a2dc-bde02d4c2f0d/content
https://ecommons.cornell.edu/server/api/core/bitstreams/242b2cd3-40b2-4843-a2dc-bde02d4c2f0d/content
https://ecommons.cornell.edu/server/api/core/bitstreams/242b2cd3-40b2-4843-a2dc-bde02d4c2f0d/content
https://doi.org/10.13140/RG.2.2.34072.34562
https://doi.org/10.13140/RG.2.2.34072.34562
https://doi.org/10.1016/j.future.2019.04.041
https://doi.org/10.1016/j.future.2019.04.041
https://doi.org/10.1017/qpb.2021.5
https://doi.org/10.1023/A:1003862525814
https://doi.org/10.1023/A:1003862525814
https://doi.org/10.1016/j.renene.2011.03.005
https://doi.org/10.1016/j.renene.2011.03.005
https://doi.org/10.1016/j.agwat.2018.07.001
https://www.fao.org/faostat
https://www.fao.org/faostat
https://doi.org/10.1016/j.compag.2022.107000
https://doi.org/10.1080/01425918208909875
https://doi.org/10.1038/s41598-021-86756-4
https://doi.org/10.1038/s41598-021-86756-4
https://doi.org/10.1016/j.compag.2024.109512
https://doi.org/10.1016/j.compag.2024.109512


	 Agroforest Syst         (2026) 100:264   264   Page 16 of 17

Vol:. (1234567890)

Hasan MU, Singh Z, Shah HMS, Kaur J, Woodward A 
(2024) Water loss: a postharvest quality marker in apple 
storage. Food Bioprocess Technol 17(8):2155–2180. 
https://​doi.​org/​10.​1007/​s11947-​023-​03305-9

Hu Z (2024) Doomed in the agrivoltaic campaign? The case 
of Chinese smallholder agriculture in the deployment 
of agrivoltaic projects. Energy Sustain Dev 83:101562. 
https://​doi.​org/​10.​1016/j.​esd.​2024.​101562

Hudelson T, Lieth JH (2021) Crop production in partial 
shade of solar photovoltaic panels on trackers. In: AIP 
conference proceedings 080001. https://​doi.​org/​10.​
1063/5.​00551​74

Jackson JE (1970) Aspects of light climate within apple 
orchards. J Appl Ecol 7(2):207. https://​doi.​org/​10.​2307/​
24013​73

Jayaraman P, Yavari A, Georgakopoulos D, Morshed A, 
Zaslavsky A (2016) Internet of Things platform for 
smart farming: experiences and lessons learnt. Sensors 
(Basel) 16(11):1884. https://​doi.​org/​10.​3390/​s1611​1884

Jocher G, Chaurasia A, Qiu J (2023) Ultralytics YOLOv8 
(Version 8.0.0) [Computer software]. https://​github.​
com/​ultra​lytics/​ultra​lytics

Juillion P, Lopez G, Fumey D, Génard M, Vercambre G 
(2023) Analysis and modelling of tree shading impacts 
on apple fruit quality: case study with an agrivoltaic 
system. Acta Hortic 1366:187–194. https://​doi.​org/​10.​
17660/​ActaH​ortic.​2023.​1366.​21

Juillion P, Lopez G, Fumey D, Lesniak V, Génard M, Ver-
cambre G (2022) Shading apple trees with an agrivoltaic 
system: impact on water relations, leaf morphophysi-
ological characteristics and yield determinants. Sci Hor-
tic 306:111434. https://​doi.​org/​10.​1016/j.​scien​ta.​2022.​
111434

Juillion P, Lopez G, Fumey D, Lesniak V, Génard M, Ver-
cambre G (2024) Combining field experiments under an 
agrivoltaic system and a kinetic fruit model to under-
stand the impact of shading on apple carbohydrate 
metabolism and quality. Agrofor Syst. https://​doi.​org/​10.​
1007/​s10457-​024-​00965-0

Khuwaja K, Aliza A, Mukhtiar N, Tarcă R, Noje D, Juman 
M, Ali B (2023) Sustainable agriculture: an IoT-based 
solution for early disease detection in greenhouses. In: 
2023 17th international conference on engineering of 
modern electric systems (EMES), pp 1–4. https://​doi.​
org/​10.​1109/​EMES5​8375.​2023.​10171​676

Klein JD, Dong L, Zhou HW, Lurie S (2001) Ripeness of 
shaded and sun-exposed apples (Malus domestica). Acta 
Hortic 553:95–98. https://​doi.​org/​10.​17660/​ActaH​ortic.​
2001.​553.​13

Knee M (2002) Fruit quality and its biological basis. CRC 
Press

Koirala A, Walsh KB, Wang Z, McCarthy C (2019) Deep 
learning for real-time fruit detection and orchard fruit 
load estimation: benchmarking of ‘MangoYOLO.’ Pre-
cis Agric 20(6):1107–1135. https://​doi.​org/​10.​1007/​
s11119-​019-​09642-0

Lee U, Islam MP, Kochi N, Tokuda K, Nakano Y, Naito H, 
Kawasaki Y, Ota T, Sugiyama T, Ahn D-H (2022) An 
automated, clip-type, small internet of things camera-
based tomato flower and fruit monitoring and harvest 

prediction system. Sensors (Basel) 22(7):2456. https://​doi.​
org/​10.​3390/​s2207​2456

Lopez G, Chopard J, Persello S, Juillion P, Lesniak V, Vercam-
bre G, Génard M, Fumey D (2023) Agrivoltaic systems: 
an innovative technique to protect fruit trees from climate 
change. Acta Hortic 1366:173–186. https://​doi.​org/​10.​
17660/​ActaH​ortic.​2023.​1366.​20

Lowe DG (1999) Object recognition from local scale-invariant 
features. In: Proceedings of the seventh IEEE interna-
tional conference on computer vision, vol.2. p 1150–1157. 
https://​doi.​org/​10.​1109/​ICCV.​1999.​790410

Marrou H, Wery J, Dufour L, Dupraz C (2013) Productivity 
and radiation use efficiency of lettuces grown in the par-
tial shade of photovoltaic panels. Eur J Agron 44:54–66. 
https://​doi.​org/​10.​1016/j.​eja.​2012.​08.​003

Mei Z, Li Z, Lu X, Zhang S, Liu W, Zou Q, Yu L, Fang H, 
Zhang Z, Mao Z, Chen X, Wang N (2023) Supplemen-
tation of natural light duration promotes accumulation 
of sugar and anthocyanins in apple (Malus domestica 
Borkh.) fruit. Environ Exp Bot 205:105133. https://​doi.​
org/​10.​1016/j.​envex​pbot.​2022.​105133

Meier U (2001) Growth stages of mono- and dicotyledonous 
plants: BBCH monograph. Federal Biological Research 
Centre for Agriculture and Forestry

Miller SS, Hott C, Tworkoski T (2015) Shade effects on 
growth, flowering and fruit of apple. J Appl Hortic 
17(02):101–105. https://​doi.​org/​10.​37855/​jah.​2015.​
v17i02.​20

Mutha SA, Shah AM, Ahmed MZ (2021) Maturity detection of 
tomatoes using deep learning. SN Comput Sci 2(6):441. 
https://​doi.​org/​10.​1007/​s42979-​021-​00837-9

Nayagam MG, Vijayalakshmi B, Somasundaram K, Mukun-
than MA, Yogaraja CA, Partheeban P (2023) Control of 
pests and diseases in plants using IOT technology. Meas 
Sens 26:100713. https://​doi.​org/​10.​1016/j.​measen.​2023.​
100713

Oguz FE, Ekersular MN, Sunnetci KM, Alkan A (2024) Ena-
bling smart agriculture: an IoT-based framework for 
real-time monitoring and analysis of agricultural data. 
Agric Res 13(3):574–585. https://​doi.​org/​10.​1007/​
s40003-​024-​00705-x

Olorunfemi BO, Nwulu NI, Adebo OA, Kavadias KA (2024) 
Advancements in machine visions for fruit sorting and 
grading: a bibliometric analysis, systematic review, and 
future research directions. J Agric Food Res 16:101154. 
https://​doi.​org/​10.​1016/j.​jafr.​2024.​101154

Parico AIB, Ahamed T (2021) Real time pear fruit detection 
and counting using YOLOv4 models and deep SORT. 
Sensors (Basel) 21(14):4803. https://​doi.​org/​10.​3390/​
s2114​4803

Rajak P, Ganguly A, Adhikary S, Bhattacharya S (2023) Inter-
net of things and smart sensors in agriculture: scopes and 
challenges. J Agric Food Res 14:100776. https://​doi.​org/​
10.​1016/j.​jafr.​2023.​100776

Ramos MC, Yuste J (2023) Grapevine phenology of white cul-
tivars in Rueda designation of origin (Spain) in response 
to weather conditions and potential shifts under warmer 
climate. Agronomy 13(1):146. https://​doi.​org/​10.​3390/​
agron​omy13​010146

Reher T, Willockx B, Schenk A, Bisschop J, Huyghe Y, Nico-
laï BM, Martens JA, Diels J, Cappelle J, Van De Poel B 

https://doi.org/10.1007/s11947-023-03305-9
https://doi.org/10.1016/j.esd.2024.101562
https://doi.org/10.1063/5.0055174
https://doi.org/10.1063/5.0055174
https://doi.org/10.2307/2401373
https://doi.org/10.2307/2401373
https://doi.org/10.3390/s16111884
https://github.com/ultralytics/ultralytics
https://github.com/ultralytics/ultralytics
https://doi.org/10.17660/ActaHortic.2023.1366.21
https://doi.org/10.17660/ActaHortic.2023.1366.21
https://doi.org/10.1016/j.scienta.2022.111434
https://doi.org/10.1016/j.scienta.2022.111434
https://doi.org/10.1007/s10457-024-00965-0
https://doi.org/10.1007/s10457-024-00965-0
https://doi.org/10.1109/EMES58375.2023.10171676
https://doi.org/10.1109/EMES58375.2023.10171676
https://doi.org/10.17660/ActaHortic.2001.553.13
https://doi.org/10.17660/ActaHortic.2001.553.13
https://doi.org/10.1007/s11119-019-09642-0
https://doi.org/10.1007/s11119-019-09642-0
https://doi.org/10.3390/s22072456
https://doi.org/10.3390/s22072456
https://doi.org/10.17660/ActaHortic.2023.1366.20
https://doi.org/10.17660/ActaHortic.2023.1366.20
https://doi.org/10.1109/ICCV.1999.790410
https://doi.org/10.1016/j.eja.2012.08.003
https://doi.org/10.1016/j.envexpbot.2022.105133
https://doi.org/10.1016/j.envexpbot.2022.105133
https://doi.org/10.37855/jah.2015.v17i02.20
https://doi.org/10.37855/jah.2015.v17i02.20
https://doi.org/10.1007/s42979-021-00837-9
https://doi.org/10.1016/j.measen.2023.100713
https://doi.org/10.1016/j.measen.2023.100713
https://doi.org/10.1007/s40003-024-00705-x
https://doi.org/10.1007/s40003-024-00705-x
https://doi.org/10.1016/j.jafr.2024.101154
https://doi.org/10.3390/s21144803
https://doi.org/10.3390/s21144803
https://doi.org/10.1016/j.jafr.2023.100776
https://doi.org/10.1016/j.jafr.2023.100776
https://doi.org/10.3390/agronomy13010146
https://doi.org/10.3390/agronomy13010146


Agroforest Syst         (2026) 100:264 	 Page 17 of 17    264 

Vol.: (0123456789)

(2024) Pear ( Pyrus communis L. cv. Conference) has 
shade-tolerant features allowing for consistent agrivoltaic 
crop yield. https://​doi.​org/​10.​1101/​2024.​04.​24.​590973

Ru X, Zhou J, Gong K, He Z, Dai Z, Li M, Feng X, Yu Q, Feng 
H, He J (2023) Climate warming may accelerate apple 
phenology but lead to divergent dynamics in late-spring 
frost and poor pollination risks in main apple production 
regions of China. Eur J Agron 150:126945. https://​doi.​
org/​10.​1016/j.​eja.​2023.​126945

Ryu S, Han H-H, Jeong JH, Kwon YH, Han JH, Do GR, Choi 
I-M, Lee HJ (2017) Night temperatures affect fruit colora-
tion and expressions of anthocyanin biosynthetic genes in 
‘Hongro’ apple fruit skins. Eur J Hortic Sci 82(5):232–
238. https://​doi.​org/​10.​17660/​eJHS.​2017/​82.5.2

Sapkota R, Ahmed D, Karkee M (2024) Comparing YOLOv8 
and Mask R-CNN for instance segmentation in complex 
orchard environments. Artif Intell Agric 13:84–99. https://​
doi.​org/​10.​1016/j.​aiia.​2024.​07.​001

Sawant K, Shirwaikar RD, Ugavekar RR, Chodankar CS, 
Tirodkar BN, Padolkar A, Gawas P (2024) Fruit identifi-
cation using YOLO v8 and faster R-CNN–a commparative 
study. Int Conf Distrib Comput Optim Tech (ICDCOT) 
2024:1–6. https://​doi.​org/​10.​1109/​ICDCO​T61034.​2024.​
10515​677

Sekiyama T, Nagashima A (2019) Solar sharing for both food 
and clean energy production: performance of agrivoltaic 
systems for corn, a typical shade-intolerant crop. Environ-
ments 6(6):65. https://​doi.​org/​10.​3390/​envir​onmen​ts606​
0065

Serra S, Borghi S, Mupambi G, Camargo-Alvarez H, Layne D, 
Schmidt T, Kalcsits L, Musacchi S (2020) Photoselective 
protective netting improves “Honeycrisp” fruit quality. 
Plants (Basel) 9(12):1708. https://​doi.​org/​10.​3390/​plant​
s9121​708

Shahab H, Iqbal M, Sohaib A, Ullah Khan F, Waqas M (2024) 
IoT-based agriculture management techniques for sustain-
able farming: a comprehensive review. Comput Electron 
Agric 220:108851. https://​doi.​org/​10.​1016/j.​compag.​
2024.​108851

Skic A, Szymańska-Chargot M, Kruk B, Chylińska M, Pieczy-
wek P, Kurenda A, Zdunek A, Rutkowski K (2016) Deter-
mination of the optimum harvest window for apples using 
the non-destructive biospeckle method. Sensors (Basel) 
16(5):661. https://​doi.​org/​10.​3390/​s1605​0661

Song Y, Bi J, Wang X (2024) Design and implementation of 
intelligent monitoring system for agricultural environment 
in IoT. Internet Things 25:101029. https://​doi.​org/​10.​
1016/j.​iot.​2023.​101029

Średnicka-Tober D, Barański M, Kazimierczak R, Ponder A, 
Kopczyńska K, Hallmann E (2020) Selected antioxidants 
in organic vs. conventionally grown apple fruits. Appl Sci 
(Basel) 10(9):2997. https://​doi.​org/​10.​3390/​app10​092997

Tabatabaeefar A, Rajabipour A (2005) Modeling the mass of 
apples by geometrical attributes. Sci Hortic 105(3):373–
382. https://​doi.​org/​10.​1016/j.​scien​ta.​2005.​01.​030

Tian Y, Yang G, Wang Z, Wang H, Li E, Liang Z (2019) Apple 
detection during different growth stages in orchards using 
the improved YOLO-V3 model. Comput Electron Agric 
157:417–426. https://​doi.​org/​10.​1016/j.​compag.​2019.​01.​
012

Trommsdorff M, Dhal IS, Özdemir ÖE, Ketzer D, Weinberger 
N, Rösch C (2022) Agrivoltaics: solar power genera-
tion and food production. Solar energy advancements in 
agriculture and food production systems. Elsevier, pp 
159–210. https://​doi.​org/​10.​1016/​B978-0-​323-​89866-9.​
00012-2

Tromp J (1990) Fruit shape in apple under various controlled 
environment conditions. Sci Hortic 43(1–2):109–115. 
https://​doi.​org/​10.​1016/​0304-​4238(90)​90042-D

Vélez S, Ariza-Sentís M, Triviño M, Carlos Cob-Parro A, Mila 
M, Valente J (2024) Ai framework trained with Uav vid-
eos for smartphone-based grape detection and vineyard 
management. https://​doi.​org/​10.​2139/​ssrn.​47810​08

Vélez S, Valente J, Bretzel T, Trommsdorff M (2024b) Assess-
ing the impact of overhead agrivoltaic systems on GNSS 
signal performance for precision agriculture. Smart Agric 
Technol 9:100664. https://​doi.​org/​10.​1016/j.​atech.​2024.​
100664

Volk GM, Cornille A, Durel C-E, Gutierrez B (2021) Botany, 
taxonomy, and origins of the apple. In: Korban SS (ed) 
The apple genome. Springer International Publishing, pp 
19–32. https://​doi.​org/​10.​1007/​978-3-​030-​74682-7_2

Von Königslöw V, Fornoff F, Klein A-M (2022) Pollina-
tor enhancement in agriculture: comparing sown flower 
strips, hedges and sown hedge herb layers in apple 
orchards. Biodivers Conserv 31(2):433–451. https://​doi.​
org/​10.​1007/​s10531-​021-​02338-w

Wittich K-P (2021) Apple sunburn risk detection—a simple 
model for agricultural decision making and some fruit 
temperature measurements. Erwerbs-Obstbau 63(1):25–
36. https://​doi.​org/​10.​1007/​s10341-​021-​00544-y

Xue X, Duan Y, Wang J, Ma F, Li P (2021) Nighttime tempera-
tures and sunlight intensities interact to influence antho-
cyanin biosynthesis and photooxidative sunburn in “Fuji” 
apple. Front Plant Sci 12:694954. https://​doi.​org/​10.​3389/​
fpls.​2021.​694954

Zhou Y, Hayat F, Yao J, Tian X, Wang Y, Zhang X, Li W, Wu 
T, Han Z, Xu X, Qiu C (2021) Size-controlling interstocks 
affect growth vigour by downregulating photosynthe-
sis in eight-year-old “Red Fuji” apple trees. Eur J Hortic 
Sci 86(2):146–155. https://​doi.​org/​10.​17660/​eJHS.​2021/​
86.2.5

Publisher’s Note  Springer Nature remains neutral with regard 
to jurisdictional claims in published maps and institutional 
affiliations.

https://doi.org/10.1101/2024.04.24.590973
https://doi.org/10.1016/j.eja.2023.126945
https://doi.org/10.1016/j.eja.2023.126945
https://doi.org/10.17660/eJHS.2017/82.5.2
https://doi.org/10.1016/j.aiia.2024.07.001
https://doi.org/10.1016/j.aiia.2024.07.001
https://doi.org/10.1109/ICDCOT61034.2024.10515677
https://doi.org/10.1109/ICDCOT61034.2024.10515677
https://doi.org/10.3390/environments6060065
https://doi.org/10.3390/environments6060065
https://doi.org/10.3390/plants9121708
https://doi.org/10.3390/plants9121708
https://doi.org/10.1016/j.compag.2024.108851
https://doi.org/10.1016/j.compag.2024.108851
https://doi.org/10.3390/s16050661
https://doi.org/10.1016/j.iot.2023.101029
https://doi.org/10.1016/j.iot.2023.101029
https://doi.org/10.3390/app10092997
https://doi.org/10.1016/j.scienta.2005.01.030
https://doi.org/10.1016/j.compag.2019.01.012
https://doi.org/10.1016/j.compag.2019.01.012
https://doi.org/10.1016/B978-0-323-89866-9.00012-2
https://doi.org/10.1016/B978-0-323-89866-9.00012-2
https://doi.org/10.1016/0304-4238(90)90042-D
https://doi.org/10.2139/ssrn.4781008
https://doi.org/10.1016/j.atech.2024.100664
https://doi.org/10.1016/j.atech.2024.100664
https://doi.org/10.1007/978-3-030-74682-7_2
https://doi.org/10.1007/s10531-021-02338-w
https://doi.org/10.1007/s10531-021-02338-w
https://doi.org/10.1007/s10341-021-00544-y
https://doi.org/10.3389/fpls.2021.694954
https://doi.org/10.3389/fpls.2021.694954
https://doi.org/10.17660/eJHS.2021/86.2.5
https://doi.org/10.17660/eJHS.2021/86.2.5

	IoT-based monitoring workflow for continuous analysis of apple ripening delay and maturation patterns under agrivoltaics
	Abstract 
	Introduction
	Materials and methods
	Study site
	Phenology and agronomic data collection
	IoT data collection and transmission
	Image processing and analysis

	Results
	Discussion
	Conclusions
	Acknowledgements 
	References


