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Abstract

Flower-visiting insect populations are declining since the 1990s, especially because of the
decrease of floral resources in agricultural settings. Mass flowering crops can help increase
resource availability, and plant breeding can be directed towards selecting varieties attracting
more flower-visiting insects. This requires the implementation of an automated high-
throughput phenotyping tool for assessing the attractiveness of plant genotypes to flower-
visiting insects. In this study, (i) we present a procedure to take standardized images of
sunflower heads with camera traps continuously at day and night in the field; (i7) we trained
two versions of a deep learning model, named PolliCrop, to automatically detect and identify
three classes of the main insects visiting sunflower on these images (non-Bombus bees, bumble
bees, lepidopterans); (iii) we assessed and validated the ability of PolliCrop to correctly predict
the true visitation frequencies of the insect classes on three sunflower genotypes; (iv) we
presented two statistical approaches to compare the insect visitation frequencies between plant
genotypes, one including weather variables, and the other one without. One PolliCrop version
yielded satisfying performance to correctly detect the three insect classes. In particular, it
correctly predicted the insect visitation frequencies on two sunflower genotypes in a range of
+10%. The other PolliCrop version can be useful in certain contexts of images and objectives.
PolliCrop can be extended in the future to other crop species by training PolliCrop on new
images captured in these crops. The field experimental design to set up for comparing the

attractiveness between genotypes is also discussed.

Keywords: Crops; Deep learning; Flower attractiveness; Flower-visiting insects; Monitoring;

Phenotyping; Sunflower.
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1. Introduction

Global changes in land utilization have converted natural habitats to cultivated areas and
consequently been a key driver of declines in the diversity and abundance of flower-visiting
insect communities. These declines have been particularly marked since the 1990s, especially
for wild and managed bees (Koh et al., 2016; Potts et al., 2016; Zattara & Aizen, 2021).
Agricultural intensification, with the expansion of monocultures and the increasing use of
pesticides, fertilizers, tillage, grazing, and mowing, has exacerbated these declines (Ollerton et
al., 2014; Goulson et al., 2015; Grab et al., 2019). The flower-visiting insect communities are
strongly impacted by the depletion, standardization, and impoverishment of floral resources,
phenomena that are particularly important for pollen during spring and summer, and during the
late-season months of summer for both pollen and nectar (Requier et al., 2015, 2017; Di
Pasquale et al., 2016; Dolezal et al., 2019; Harris et al. 2024). Mass flowering crops can help
increase resource availability in agricultural settings (Westphal et al., 2003; Holzschuh et al.,
2013; Goulson et al., 2015), a noteworthy example of which is sunflower (Helianthus annuus)
crop, blooming during the critical summer period of lowest flower resource availability
(Requier et al., 2015, 2017; Husband et al., 2025).

Plant breeding can be directed towards selecting varieties that produce nectar and pollen in
higher quantities and of higher quality to help support populations of flower-visiting insects
(Prasitka et al., 2018; Harris and Ratnieks, 2026). Achieving this objective requires the
implementation of automated, simple, and standardized high-throughput phenotyping tools for
assessing the attractiveness of plant genotypes to flower-visiting insects (Pérez-Alfocea et al.,
2024; Borghi et al., 2025). Insect visitation rates to flowers are traditionally assessed either by
walking along plant transects and counting all the insects visiting the plants of the transects
(Vaissiere et al., 2011; Chabert et al., 2026), or by standing around a fixed area during a certain

period of time and by counting all the insects visiting a focal chosen group of flowers during
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that time period (Fijen and Kleijn, 2017; Garibaldi et al., 2020). These manual observations are
time-consuming, can be subject to observer bias, can deter insect visitations to flowers, can
underestimate visitation rates, and, most importantly, sample only a fraction of the daily activity
of insects as these observations usually occur during some limited daily time period (Steen,
2017; Pegoraro et al., 2020; Serra-Marin et al., 2025). Because these observations are generally
conducted only during daylight hours, they necessarily miss potential activity made by insects
during the night (Knop et al., 2018; Macgregor and Scott-Brown, 2020).

Automatic and remote monitoring of wildlife with cameras has existed since the 1960°s
(Cutler and Swann, 1999). Historically, two types of devices were used to monitor vertebrate
activity: 1) ‘time-lapse’ photography, i.e., when images are programmed to be automatically
and regularly taken by the camera at a predefined time interval, or 2) ‘animal-triggered’
photography, i.e., when the image capture is triggered by an infrared (IR) sensor that detects
changes in heat energy caused by a moving animal (Cutler and Swann, 1999; Swann et al.,
2004). Time-lapse is appropriate when the probability for a target animal to move in front of
the camera is high. The higher the probability, the more spaced out the image capture can be.
Conversely, animal-triggering is more appropriate when this probability is low. However, IR-
triggered cameras are not appropriate for invertebrates such as insects, since poikilotherms do
not produce their own heat and are thus hardly detectable by IR sensors (Gardiner et al., 2026).
Alternatively, some authors developed a system by coupling a digital video recorder with a
video motion detection (VMD) sensor in which the recordings of short time-lapse with high
frame rates are triggered by the movements of animals recorded between successive images
(Steen, 2017; Barlow and O’Neill, 2020). This system is well adapted for monitoring insects
visiting flowers (e.g., Steen and Aase, 2011; Steen, 2012), but it is frequently triggered by wind
and not easily replicable on a large scale for high-throughput monitoring due to the cumbersome

and expensive VMD sensor (Pegoraro et al., 2020). Lastly, Darras et al. (2024), Gardiner et al.
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87  (2026) or Smith et al. (2026) reused this system by replacing the VMD sensor by a light on-
88 device deep learning insect recognition system, triggering autonomously image capture
89  immediately after automatic insect recognition. This last system is not sensitive to wind and
90  more adapted to routine, large scale monitoring.
91 Video recording to monitor flower-visiting insects in a continuous way started in the early
92 2000s. Sessions usually last from a few hours to 24 or 48 hours (e.g., Lortie et al., 2012;
93  Edwards et al., 2015; Droissart et al., 2021; Wonderlin, 2024; Blareau et al., 2025). Videos
94  enable the monitoring of all the insect activity occurring on flowers during the session time,
95  including the rare events, without the inconvenience of carrying cumbersome VMD sensors in
96 the field. However, visually analyzing the whole footage can be very tedious and may require
97  reducing the reviewing to a subsample only (e.g., Blareau et al., 2025), or the use of programs
98  to automatically detect motion events in video streams (Weinstein, 2015, 2018). Time-lapse
99  image series and videos can both be recorded during the day or the night. For nighttime time-
100  lapse photography, the field of view is illuminated with a flash when the images are captured
101  (e.g., Suetsugu and Hayamizu, 2014; Alison et al., 2022; Shibata and Kudo, 2025). For
102 nighttime video recording, the field of view is continuously illuminated with an IR light that
103 does not scare away nocturnal insects (e.g., Droissart et al., 2021; Wonderlin, 2024; Blareau et
104  al., 2025; Serra-Marin et al., 2025).
105 Continuous monitoring with videos or with animal-triggered photography enables the
106 measurement of insect visitation rates to flowers, i.e., the total absolute number of insect
107  visitations a flower received per unit of time. This number can then be used for crop pollination
108  management (Garibaldi et al., 2020). On the other hand, time-lapse photography enables the
109  measurement of a relative index of insect visitation frequency to flowers, i.e., the total number
110  of flower-visiting insects counted in a given set of images divided by the number of images.

111 This index can only be used to make comparisons, for instance between locations, time points,
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112 plant species, plant genotypes, etc. Overall, time-lapse photography is used more often than
113 videos in studies monitoring wild animals, and most of the animals monitored are mammals
114  while invertebrates are still a very small minority (Pollet et al., 2025). Compared to human
115  observations, automatic monitoring with time-lapse or videos allows for the study of the whole
116  daily activity of insects (e.g., Szabo, 1980; Stelzer and Chittka, 2010; Steen, 2017; Hoye et al.,
117 2021).

118 Both time-lapse and videos require a lot of human time and labor of reviewing after image
119  capture for identifying insect species, the frequency of their presence in the images, tracking
120  their trajectory, etc. Recent advances in artificial intelligence have led to the development of
121  new deep learning models that automatically detect and identify insects on images up to a
122 certain taxonomic rank or morphogroup (Heye et al., 2021; Chiranjeevi et al., 2025; Spiesman,
123 2026). Several authors have trained deep learning models to detect and identify flower-visiting
124  insects, either in a single class (Bjerge et al., 2023b; Alex et al., 2025; Serra-Marin et al., 2025;
125  Gardiner et al., 2026), at the insect order level (Stark et al., 2023; Stefan et al., 2025), or at the
126  finest possible morphogroup level (Spiesman et al., 2021; Bjerge et al., 2023a,c, 2024; Sittinger
127  etal., 2024; Bernauer et al., 2026; Smith et al., 2026).

128 The aim of our study was to train a deep learning model, named PolliCrop, to automatically
129  detect and identify the insects making daytime and nighttime visitations to sunflower heads
130  from images captured with time-lapse camera traps installed in the field. The advantage of
131  sunflowers bearing a single head is that we can monitor all the open flowers of the same plant
132 with a single camera placed in front of the head. The model was trained to detect three
133 morphogroups of the main insects visiting sunflower head: “non-Bombus” bees (including
134 honey bees, large halictids or mining bees, and leafcutter bees), bumble bees and lepidopterans
135  (including moths and butterflies). For an illustration, we tested the model on an image set

136  generated to compare the differences in insect visitation frequency between three sunflower
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137  genotypes. Insects were also counted manually per class to assess how well the model correctly
138  predicts the three insect morphogroups and the true insect visitation frequency index for each
139  genotype. Two statistical approaches are presented, one including the weather variables, and
140  the other one without, to test whether the weather effect on insect activity need to be corrected
141  when comparing genotypes that do not bloom at the same time. The daily activity of each
142 morphogroup is also described for each sunflower genotype to gain more ecological insights

143 on temporal flower-insect interactions.

144
145 2. Materials and methods
146 2.1. Image collection

147  Images were collected with Wingscapes cameras (model WCT-00126, TimelapseCam Pro,
148  Wingscapes, USA) mounted on tripods with the lens oriented towards the sunflower head (Fig.
149  1). Cameras were placed approximately 30-50 cm (depending on the head size) in front of the
150  heads, one day before the heads were opened until the complete end of bloom, i.e., once the last
151  florets located in the very center of the head were at least on their second day of pistillate stage.
152  Images were automatically captured every 5 minutes during the whole blooming period of
153 heads, including days and nights. The lens focus was adjusted at the beginning and then once a
154  day until the end of image recording. The images captured by this camera model are normally
155  illuminated with a LED flash, but the LEDs were covered with uncolored light-tight tape to
156  avoid overexposing images captured at night and to avoid interference with night insect activity
157  (see Fig. S1). Heads bloomed for ca. 6-12 days depending on the genotype and temperature,
158  and the total number of images recorded could amount to ca. 3,000 images per head (i.e., 12
159  images per hour amounting to 288 images per day). The images had a resolution of 3008 x 1692
160  pixels (~ 5 MP) and were stored in JPG format on SD cards of 32 GB, capable of storing over

161 30,000 images. For detailed information related to all the settings of the camera, see
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162 Supplementary data. Cameras are powered with batteries, making them suitable for autonomous
163  monitoring in situ for approximately three weeks with our settings.

164 The images were collected in the INRAE research station of Auzeville-Tolosane, France
165  (Latitude, 43.528; Longitude, 1.503), during the months of July, August and September of
166 2022, 2023 and 2024, both in the sunflower field nursery and on the Heliaphen platform (Fig.
167 1; Gosseau et al., 2019). Approximately 150,000 images were recorded on a variety of
168  sunflower genotypes with diverse head morphologies, thus varying the image backgrounds for
169  insect detection and identification.

170

171 2.2. Benchmark image set preparation

172 The 150,000 images were individually reviewed using Darwin V7 software package (Darwin
173 V7 labs, London, UK). These images were initially sorted by (i) the presence of at least one
174  insect on the image and (ii) the absence of any insects. Insect presence was considered
175  regardless of where the insects were positioned in the images: on the head, leaves or stem, on
176  the other sunflower plants in the background, or while flying. It was quite common to have two
177  or more insects per image. But overall, there was an average of ca. 20% of images with insect
178  presence. To define the insect classes, we focused in this study only on insect “pollinators” in
179  abroad sense, i.e., insects that are known to actively forage for nectar and/or pollen in flowers
180  and that can be broadly involved in pollination, depending on flower species. These taxa include
181  Hymenoptera (including Vespidae and Anthophila, the clade name for “bees”; Branstetter et
182  al., 2017; Murray et al., 2018), Lepidoptera (including butterflies and moths; Macgregor and
183  Scott-Brown, 2020) and Diptera (Willmer et al., 2017). As these insect taxa are not necessarily
184  pollinators of the flowers they visit, we refer to them with the broader terminology “flower-
185  wvisiting insects” hereafter and in the whole manuscript (King et al., 2013). Fourteen

186  morphogroups of flower-visiting insects were identified, plus three additional “morphogroups”
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187  ofunidentified insects or other minority taxa (Table 1; Fig. 2). Only four morphogroups reached
188  the minimum number of images (~ 500) required to sufficiently train a deep learning model so
189  that the model has the ability to detect and identify the morphogroup with enough performance:
190  honey bees (4pis mellifera), large striped bees including Halictidae (halictids) and Andrenidae
191  (mining bees), white end bumble bees (Bombus spp.) and moths (Heterocera). After training
192  (see below), the deep learning model was able to detect and identify three classes of flower-
193 visiting insects (Table 1): non-Bombus bees (including honey bees, large striped halictids and
194  mining bees, and leafcutter bees); bumble bees (including white end bumble bees, red end
195  bumble bees, brown bumble bees, and unidentified bumble bees); and lepidopterans (including
196  moths and butterflies). Honey bees, large striped bees (halictids and mining bees), and leafcutter
197  bees (Megachile spp.) were identified in the same class because of their similar size and
198  appearance, with strips on the abdomen for all three morphogroups. All bumble bee
199  morphogroups were identified in the same class because of their similar size, shape, and image
200 texture. Lastly, butterflies and moths were identified in the same class because of their similar
201  size, shape, and appearance of their wings, although moths are much more frequent than
202  butterflies in the image set. Therefore, even if the model cannot distinguish between moths and
203  butterflies for predictions, predictions are expected to mostly relate to moths, especially during
204  the night.

205 Using Darwin V7 to prepare the benchmark image set to train the deep learning model, we
206  assigned each flower-visiting insect present in a subset of the 150,000 images reviewed to one
207  of'the 17 morphogroups presented in Table 1. All of these insects were then cut out as polygons
208  wusing Darwin V7’s annotation tool. The segmentation was adjusted with the brush tool to
209  exclude the insect’s wings or legs to reduce annotation inconsistency when image quality was
210  insufficient to segment these structures or when two or more insects were present on the same

211  image and close enough to overlap. However, the wings of lepidopterans were included in the
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212 segmentations since their wings are opaque, constitute an important part of lepidopterans’ body,
213 and are therefore important for species identification. These segmentations were then converted
214 to bounding box annotations for model training.

215

216 2.3. Training of the deep learning models PolliCrop with YOLO

217  The PolliCrop model was trained using the YOLO11x architecture (Redmon et al., 2016)

218  through our public library deepvisiontools wrapper (version 0.2.0; https://forge.inrae.fr/ue-

219  apc/librairies/python/deepvisiontools) built on Ultralytics

220  (https://github.com/ultralytics/ultralytics). Two versions of PolliCrop were trained:

221  yolovll polinator3cls 04-2025 (hereafter named “PolliCropl”), trained with all the images
222 including insects belonging to one of the three classes identified previously (non-Bombus bees,
223  bumble bees, lepidopterans; Table 1), and yolovl1 polinator3cls 09-2025 (hereafter named
224 “PolliCrop2”), trained with the same image set with the addition of 6,034 images of sunflower
225  heads without any insect to decrease the number of false positive predicted (see below). As
226  insects were present only in a minority of images (~ 20%), this low frequency can increase the
227  risk for the model to “hallucinate” many insects in an image set (= ‘precision’ score, see below).
228  An option to balance this risk is to include “empty” images, i.e., without any insect, in the
229  benchmark image set. On the other hand, the inconvenience is to increase the risk for the model
230  to miss many insects in an image set (= ‘recall’ score, see below).

231 The whole benchmark image set finally included 9,179 images with the presence of at least
232 one insect belonging to one of the three classes detected (non-Bombus bees, bumble bees,
233 lepidopterans), to which must be added the 6,034 images without any insect to train PolliCrop2.
234 The images were split into three groups: 67% to train the models, 19% to validate the models,

235  and 14% to test the models. As multiple images were captured per plant, to avoid validating
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236  and testing the models on the same plants they were trained, all the images for a given plant
237  were assigned to only one of the three groups of image sets (training, validation or test).

238 Instance masks were converted to bounding boxes after augmentation to ensure proper
239  transformation behaviour, in particular for rotations and perspective. Standard data
240  augmentations were applied using torchvision, including color transformations, rotations and
241  Alips, blur, and scale jitter. To further reduce dependence on redundant backgrounds, a custom
242  augmentation was added in which image backgrounds were replaced, with a probability of 15%,
243 by  backgrounds sampled from the public Kaggle Flowers  dataset

244 (https://www.kaggle.com/datasets/imsparsh/flowers-dataset), while preserving insect masks

245  and their associated pixels. Native image resolutions were 3008 x 1692 pixels. To preserve
246  object resolution while limiting computational cost, each training data sample was divided into
247  multiple 1024 x 1024 crops randomly centered on each insect, while ensuring that no insect
248  appeared more than once across crops. Validation and testing image sets were kept at native
249  dimensions to enable a reliable estimation of false positive detections in backgrounds. For
250  validation, the image size was capped to 3008 x 1692 pixels by enforcing resizing for the few
251 images above. All the parameters used to train PolliCrop with YOLO are provided in the

252 Supplementary data.

253
254 2.4. Calculations of performance scores to evaluate the models
255 After training, the PolliCrop models can predict the presence and location of an insect

256  belonging to one of the three classes previously identified in images of sunflower heads. Non-
257  Bombus bees are predicted in red boxes, bumble bees are predicted in purple boxes, and
258  lepidopterans are predicted in green boxes (Fig. S2). Images presented in Fig. S2 correspond to
259  true positives (TP), i.e., images where flower-visiting insects were correctly predicted by the

260  models. True negatives (TN) are images for which the models correctly predicted the absence
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261  of any flower-visiting insect belonging to one of the classes previously presented. False
262  positives (FP) are images for which one (or more) insect was “hallucinated” by the models (Fig.
263  S3). False negatives (FN) are images for which the models failed to predict the presence of one
264  (or more) insect (Fig. S4).

265 Performance scores can be calculated to evaluate the models on specific image sets, with

266  the following formulas:

TP+ TN
267 Accuracy =100 - —————
Total images
268 Precision = 100 e
recision = TP L FP
269 Recall =100 - TP+—F1V
270 F1 = 100 2 - Precision - Recall 100 2-TP
B Precision + Recall 2-TP+FP+FN

271  The ‘accuracy’ measures the percentage of images correctly predicted by the models. The
272 ‘precision’ measures the percentage of images without “hallucinations” of insects by the
273  models. The ‘recall’ measures the percentage of images for which the models did not miss
274  insects. The F1 score is the harmonic mean of precision and recall, which is a balance between
275  the two metrics (Bjerge et al., 2023b). In this study, we chose to calculate the scores at the
276  image level, i.e., if the model did not predict the exact number of insects on a given image for
277  agiven insect class, the prediction was considered FP or FN for the image.

278 The two PolliCrop models were evaluated with two image sets. One image set, “22HP14”,
279  was used to train the models. The images were captured in September 2022, on 14 sunflower
280  plants on the Heliaphen platform (Gosseau et al., 2019). All the 8,970 images of this set were
281  used to calculate the performance scores. The other image set, “24EV16”, correspond to images
282  captured in August 2024 on plants of the Sunflower Extended Association Mapping population

283 (Tueux et al., 2026). This population is composed of 435 cultivated inbred lines maximizing


https://doi.org/10.64898/2026.07.08.737348
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.07.08.737348; this version posted July 13, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under a CC-BY 4.0 International license.

284  the sunflower genetic diversity of INRAE and USDA genetic resources (Mandel et al., 2011;
285  Coque et al., 2008) and thus displaying a wide diversity of sunflower phenotypes. A sample of
286 1,024 images of this image set was used to calculate the performance scores. These images
287  were not used to train the models.

288 To calculate the performance scores, these two image sets were first reviewed visually by
289  humans, to count the number of insects present in the images belonging to each insect class
290  (non-Bombus bees, bumble bees, lepidopterans). The two PolliCrop versions were then run on

291 the two image sets (https:/forge.inrae.fr/astr/public/pollicrop; for the procedure, see

292 Supplementary data). The performance scores were calculated using the spreadsheet
293  “Calculation_performance scores” available at

294  https://forge.inrae.fr/astr/public/pollicrop_libraries.

295
296 2.5. Assessment of the ability of the two PolliCrop versions to correctly predict the insect
297 visitation frequency of three sunflower genotypes

298  To assess the ability of the PolliCrop models to predict correctly the insect visitation frequency
299  of sunflower heads, we used the image set ‘22HP14” shortly described above. The aim of this
300  experiment was to compare the insect visitation frequency of three sunflower research inbred
301  lines, XRQ (n=6), IR (n=6) and CI (n = 3; Fig. S5). XRQ is the first sunflower genotype with
302  a complete reference genome assembly and annotation (Badouin et al., 2017). The 15-L pots
303  were filled with compost and regularly watered to avoid any water deficit until the end of the
304  experiment. The plants bloomed from 5 to 16 September, 2022, and Wingscapes cameras were
305 placed in front of the heads when they were blooming, capturing images every 5 minutes. A
306 total of 8,970 images were recorded on which both versions of PolliCrop were run

307  (https:/forge.inrae.fr/astr/public/pollicrop; for the procedure, see Supplementary data), and all

308  the images were also reviewed by a human to count the number of insects present belonging to
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309  each insect class (non-Bombus bees, bumble bees, lepidopterans). The PolliCrop models
310  yielded a spreadsheet of data, named “PolliData”, giving the number of insects per class for
311  each image by associating the image name. These data were first aggregated by hour to get the
312 total sum of insect visitations per hour for each plant. This new dataset was named
313 “PolliData Hour”. Then, we connected these data to the genotype information, which was
314  provided in a ‘MetaData’ file and merged it with the “PolliData_Hour” file using the software

315 R (version 4.2.3; R Core team, 2023; R code available at

316  https://forge.inrae.fr/astr/public/pollicrop _libraries; see Supplementary data for procedure).

317 Before comparing the insect visitation frequencies assessed by the two versions of
318  PolliCrop and the human eye for each sunflower genotype, we first investigated the day and
319  night insect activity assessed from the counts made with the eye. Bees and bumble bees are
320  expected to be active during the daylight hours (Szabo, 1980; Stelzer and Chittka, 2010; Steen,
321  2017; Haye et al., 2021), while moths are expected to be active during the night (Knop et al,
322 2018; Macgregor and Scott-Brown, 2020). This information may help to decrease the number
323 of ‘zeros’, and thus data overdispersion for future analysis, by restricting the analysis to the
324 hours of activity of each insect class. Early September in Auzeville-Tolosane, the sun rises
325  around 07:30 (05:30 UTC) and sets around 20:15 (18:15 UTC). In parallel, the performance
326  scores ‘precision’ and ‘recall’ of each PolliCrop version were calculated for each genotype and

327  insect class.

328
329 2.6. Comparison of statistical models to assess the differences of insect visitation frequency
330 between sunflower genotypes

331  Sunflower genotypes may bloom at different times because they may genetically differ in the
332  thermal time regimes required to reach the blooming stage (Casadebaig et al., 2016).

333  Consequently, comparisons of insect visitation frequency between genotypes may be made over
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334  different time intervals with different weather conditions. Yet insect activity is highly sensitive
335  to the weather conditions. Bee foraging increases with increasing radiation and temperature
336  (e.g., Szabo, 1980; Burrill and Dietz, 1981; Corbet et al., 1993; Vicens and Bosch, 2000; Clarke
337  and Robert, 2018) until a thermal optimum beyond which it decreases (Colinet et al., 2015;
338 Nielsen et al., 2017; Kenna et al., 2021; Jaboor et al., 2022), it decreases with increasing wind
339  speed with a sigmoid shape (e.g., Pinzauti, 1986; Vicens and Bosch, 2000; Sanderson et al.,
340  2015; Ngo et al., 2021), and it decreases with increasing rain intensity (Sanderson et al., 2015;
341 Ngoetal., 2021). Lepidoptera foraging responds positively with increasing temperature as well
342 (Knop et al, 2018). Therefore, it can be necessary to include the weather conditions in the
343  statistical models to correctly compare the genotypes for insect visitation frequency. Two
344  statistical models were compared for each insect class: one including the weather variables and
345  one without.

346 To compare the statistical approaches, we used the dataset from the ‘22HP14’ experiment
347  described above but by only using the counts made with the human eye. The hourly weather
348 data were retrieved from a local weather station (INRAE #31035002;

349  https://agroclim.inrae.fr/climatik/): temperature (actinothermic index at 50 cm, °C), relative

350  humidity (%), photosynthetically active radiation (J/cm?) and wind speed (km/h). As described
351 above, we also restricted the analyses to the hours of activity of each insect class, to decrease
352  the number of ‘zeros’ and data overdispersion.

353 To compare the insect visitation frequencies between the three genotypes for each insect
354  class, we ran generalized linear mixed-effect models (GLMMs) with a quadratic negative
355  binomial (NB2) regression for the residual distributions (Zuur et al., 2009b; Hilbe, 2011, 2014),
356  using the R package MASS (version 7.3-58.2; Venables and Ripley, 2002). The GLMMs were
357 computed with the R package /me4 (version 1.1-38; Bates et al., 2015). The NB2 distribution

358  was chosen because the high number of zeros caused data overdispersion (Zuur et al., 2009c).
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359  Since the number of images per hour could vary and was not always equal to 12 for various
360 reasons, this number was included in the model as an offset (Zuur et al., 2009b, 2009c).
361  Genotype (XRQ, IR, or CI) was systematically set as a fixed explanatory variable.

362 To determine which structure of random effects to use, we applied top-down model
363  selection. Following the recommendation of Zuur et al. (2009a), we started with the beyond
364  optimal models including all the fixed and random effects, i.e., with the plant and date set as
365 random effects, and the genotype and weather variables set as fixed effects. For non-Bombus
366  bees and bumble bees, the weather variables were the temperature with a squared term to allow
367  for a bell-shape response, radiation, wind speed, and relative humidity as an approximation of
368 rain intensity. For lepidopterans, the weather variables were the temperature with a squared
369  term, wind speed, and relative humidity. The weather variables were all centered and
370  standardized to normalize their effect sizes using the poly function that enables the inclusion of
371  orthogonal polynomials, i.e., without collinearity (Schielzeth, 2010). Multicollinearity of the
372 beyond optimal models was checked with the variance inflation factor (Dormann et al., 2013;
373  McElreath, 2020; James et al., 2021), using the R package performance (version 0.15.3;
374  Liidecke et al., 2021). For information regarding the range of the weather variables and their
375  pairwise correlation coefficients, a figure was generated using the R package Rarity (version
376  1.3-8; Leroy, 2016). Two variables are considered displaying strong collinearity when [r| > 0.7
377  (Dormann et al., 2013). The models with the optimal random effect structures were selected by
378  removing one of the two random effects from the beyond optimal models, and by comparing
379  the nested models with the beyond optimal models using a y* test. This procedure was repeated
380  for both random effects independently. If the y? tests gave P > 0.1 for at least one removed
381  random effect, the random effect with the y? test yielding the highest P was removed from the
382  beyond optimal model, and the top-down selection process was repeated with the other

383  remaining random effect. If both random effects or the remaining random effect in the second
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384  round of top-down selections yielded P < 0.1, the random effect(s) was (were) kept. The P-
385  value threshold chosen here was 0.1 to be more conservative, so that all random effects
386  explaining even a small part of variation of the response variable could be included in the
387 optimal random effect structure. Otherwise, the P-value threshold chosen for statistical
388  significance was 0.05.

389 To identify which weather predictors to keep in the models that include the weather
390  variables, all the GLMM versions with the optimal random effect structures presenting all the
391  combination of weather predictors were generated, amounting to 24 models in total for non-
392  Bombus bees and bumble bees, and 12 models for lepidopterans. These models were ranked by
393  decreasing statistical support with AIC (Burnham and Anderson, 2002). The AIC gaps (AAIC)
394  were calculated for all models with the model having the lowest AIC. Those having a AAIC <
395 2 were defined as the set of most parsimonious models (Burnham and Anderson, 2002). This
396  set enabled us to conclude which weather predictors to compare to the model without the
397  weather variables. If a given weather predictor was present in at least one model in the set of
398  most parsimonious models, it was kept to compare with the model without the weather
399  variables.

400 Multimodel averaging was then applied to calculate the slope and relative importance of
401  the effect of each weather predictor on the insect activity on sunflower heads. The slope and
402  relative importance were calculated from the sets of most parsimonious GL(M)Ms previously
403  defined. The relative importance (RI) was calculated based on the occurrence frequencies of
404  each predictor within the set of most parsimonious models, weighted by its relative statistical
405  support (AIC relative weight of evidence, wi; Burnham and Anderson, 2002). A RI of 100%
406  indicates that the predictor appears in each model within the set of most parsimonious models,
407  thus receiving maximal support for being a predictor of insect activity on sunflower heads. The

408  slope was calculated based on the average of slopes for this predictor in all the models that
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409  include this predictor and that are present in the set of most parsimonious models, weighted by
410 the relative statistical support wi of each model (Burnham and Anderson, 2002). The sizes of
411  slopes enable for direct comparisons between the effects of each weather variable and can be
412  wused for predictions. The language of evidence for statistical significance was used for
413 describing some of the results of the multimodel averaging (Muff et al., 2022). For temperature,
414  if the squared term was significant, the optimum temperature f,c was calculated with the

415  following equation:

416 topt = ,Ll(t) Ty 5

417  with S and fr. the respective slopes of the simple and squared terms of the temperature given
418 by the GL(M)Ms.

419 All the statistical analyses were performed with the software R, version 4.2.3 (R Core team,
420  2023). The R code for analyses is available at

421  https://forge.inrae.fr/astr/public/pollicrop_libraries.

422
423 3. Results
424 3.1. Evaluation of the model: performance scores

425  After training and validation of the two versions of PolliCrop, one trained without and one with
426  images lacking flower-visiting insects, both versions were tested with images of plants in the
427  subsample of the image set not previously used for the training and validation (see section 2.3).
428  The resulting performance scores are presented in Table 2. Regarding model precision, both
429  PolliCrop versions hallucinated non-Bombus bees or bumble bees, on ca. 22% and 33% of
430  images, respectively. However, PolliCrop2 hallucinated fewer lepidopterans (11% of images)
431  than PolliCropl (22%). Regarding the recall, PolliCropl missed fewer non-Bombus bees,
432 bumble bees and lepidopterans (16%, 10% and 9% of images, respectively) than PolliCrop2

433 (21%,29% and 12%). As expected, PolliCrop2 decreased the recall, especially for bumble bees
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434 (-15%; -5% for non-Bombus bees and -4% for lepidopterans), but contrary to expectations it
435  improved the precision only for lepidopterans (+11%), while the precision for non-Bombus bees
436  and bumble bees was not impacted.

437 PolliCrop was then evaluated with two image sets (see section 2.4): the complete image set
438  ‘22HP14’ which was used to train the model and composed of 8,970 images, and a sample of
439 1,024 images of the image set ‘24EV16’ that were not used to train the model. The two
440  PolliCrop versions predicted the three flower-visiting insect classes well, between 96% and
441  100% of images, over the two image sets (accuracy; Tables 3 and 4). Regarding the precision,
442  the two PolliCrop versions hallucinated minimal non-Bombus bees over the two image sets (<
443  10% of images for 22HP14; < 15% for 24EV16). PolliCrop1 hallucinated fewer bumble bees
444  and lepidopterans (ca. 33% of images) than PolliCrop2 for 22HP14 (ca. 45%; Table 3), while
445  PolliCrop2 hallucinated fewer bumble bees (17%) and lepidopterans (37%) than PolliCrop1 for
446  24EV16 (ca. 47% over the two classes; Table 4). Regarding the recall, PolliCrop1 missed quite
447  a few insects, between 10% and 17% of images over the three classes and two image sets
448  (except 0% for bumble bees for 24EV16, and 29% for lepidopterans for 22HP14), while
449  PolliCrop2 missed more insects than PolliCropl, between 24% and 49% of images over the
450  three classes and two image sets (except 0% for bumble bees for 24EV16; Tables 3 and 4). As
451  expected, PolliCrop2 decreased the recall, between 10% and 20% for the three insect classes
452  and both image sets (except for bumble bees for 24EV16 for which the recall did not change).
453  Contrary to expectations, it improved the precision only for bumble bees (+28%) and
454  lepidopterans (+12%) for 24EV 16, while it decreased the precision for bumble bees (-18%) and
455  lepidopterans (-7%) for 22HP14. It also decreased the precision slightly for non-Bombus bees
456  for both image sets (-3%).

457
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458 3.2. Assessment of the ability of the two PolliCrop versions to correctly predict the insect
459 visitation frequency of three sunflower genotypes

460  Due to experimental constraints, the three genotypes did not benefit from the same level of
461  monitoring. IR was the most monitored genotype, with a total of 417 monitoring hours over the
462 6 plants monitored (see Table 5 for the number of images), and a mean of 70 hours per plant.
463  XRQ had a total of 258 monitoring hours over 6 plants, with a mean of 43 hours per plant. CI
464  was the least monitored genotype, with 88 monitoring hours over 3 plants, and a mean of only
465 29 hours per plant. CI was especially undersampled during the night, with only 22 monitoring
466  hours cumulative for the 3 plants from 20:00 to 08:00 (= the activity period of lepidopterans,
467  see below). Overall, the number of visitations counted with the eye on the images amounted to
468 808 non-Bombus bees, 435 lepidopterans, and only 19 bumble bees (Table 5).

469 Manual counts made with the eye enabled us to assess the insect activity during day and
470  night (Fig. 3). Non-Bombus bees started to visit the sunflower heads from 08:00, shortly after
471  sunrise, until 21:00 soon after sunset. The activity on XRQ and IR was quite similar, with a
472  progressive increase in the early morning and a progressive decline in the late afternoon, with
473  aslightly variable plateau around 0.25 bees per image, between 10:00 and 18:00. The activity
474  on CI was noticeably lower, especially in the morning and the late afternoon. Bumble activity
475  was comparatively near zero on the three genotypes, occurring only in the afternoon, from
476  12:00 to 20:00. Lepidopteran activity started from 20:00 at sunset and continued until 08:00 at
477  sunrise. The activity of lepidopterans during the daylight hours were almost null. Lepidopterans
478  showed similar activity on the three genotypes, with a more intense activity in the early night,
479  sharply declining after 02:00. In the following results, the analysis of activity was limited to the
480  day period, from 08:00 to 21:00, for both classes of non-Bombus bees and bumble bees, and to

481  the night period, from 20:00 to 08:00, for lepidopterans.
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482 When comparing the counts of insects made with the eye and the two versions of PolliCrop,
483  PolliCropl performed the best, successfully predicting the mean number of non-Bombus bees
484  and lepidopterans per image on XRQ and IR in an error range of £10% (Fig. 4). PolliCrop2
485  performed worse, underestimating non-Bombus bees by 20% on IR, and lepidopterans by 18%
486  and 36% respectively on IR and XRQ. Both PolliCrop versions underestimated the mean
487  number of bumble bees per image on IR, by -20% for PolliCropl and -10% for PolliCrop2,
488  while they overestimated them on XRQ, by +57% and +139% respectively for PolliCrop1 and
489  PolliCrop2. On the other hand, both versions performed poorly for the three insect classes on
490  CI, underestimating non-Bombus bees by -53% and -66% respectively for PolliCropl and
491  PolliCrop2, overestimating bumble bees and lepidopterans by +200% and +83% respectively
492  for PolliCropl, and underestimating bumble bees and lepidopterans by -50% and -100%
493  respectively for PolliCrop2. Overestimations of insect visitations occur when the precision of
494  PolliCrop for the given insect class and genotype is low (< 70%) while the recall is correct (>
495  80%), or when both scores are low (< 70%) but precision is even lower than recall (Table 6).
496  Conversely, underestimations occur when the recall is low (< 70%) while the precision is
497  correct (> 80%), or when both scores are low (< 70%) but recall is even lower than precision
498  (Table 6). It can occur sometimes that both scores are quite low, but not too low (between 60%
499  and 80%), and compensate for each other, resulting in an over- or underestimation of < 10%

500 (e.g., prediction of PolliCrop1 for lepidopterans on XRQ and IR; Table 6; Fig. 4).

501
502 3.3. Comparison of statistical models to assess the differences of insect visitation frequency
503 between sunflower genotypes

504  As described in the previous section, the analysis was limited to the activity period of each
505 insect class, during the day from 08:00 to 21:00 for both classes of non-Bombus bees and

506  bumble bees, and the night from 20:00 to 08:00 for lepidopterans, with most of the activity
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507  occurring during the first half of the night, between 20:00 and 02:00. After top-down model
508  selection to choose the optimal random effect structures of GL(M)Ms to explain insect
509 visitation frequency, the date effect was kept in the GLMMs without the weather variables for
510 the three insect classes, but not in the GL(M)Ms with the weather variables except for
511  lepidopterans (Tables 7 and S1). On the other hand, the plant effect was kept only in the
512 GLMMs explaining the visitation frequency of non-Bombus bees, with or without the weather
513  wvariables, and in the GLMM with the weather variables explaining the visitation frequency of
514  lepidopterans.

515 During the recordings, photosynthetically active radiation ranged from 0 to 130 J/cm?
516  during the day between 08:00 and 21:00 (or from 0 to 26 J/cm? during the night between 20:00
517  and 08:00), temperature from 16° to 37°C (11-26°C during the night), relative humidity from
518 2310 97% (39-99%) and wind speed from 0 to 23 km/h (0-18 km/h). Three variables displayed
519  pairwise [r| > 0.7: temperature with radiation (r = 0.78), and temperature with relative humidity
520 (r=-0.78; Fig. S6). After selection by AIC, all the weather predictors were present in at least
521  one model in the sets of most parsimonious models for the three insect classes (Table S2). The
522 set of most parsimonious models included three models for non-Bombus bees: the complete
523  model that included all the weather predictors and the models that included or excluded
524  radiation or wind speed. This set included six models for bumble bees: these models included
525  or excluded radiation, wind speed, or temperature with a squared term. And it included only
526  two models for lepidopterans: the complete model and the model without wind speed. The three
527  sets of most parsimonious models included temperature with a simple term and relative
528  humidity in all models. The complete models with all the weather predictors were therefore
529  chosen for comparisons with the models without the weather variables for all three insect

530 classes.
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531 Both models with or without the weather variables yielded similar results in terms of
532  statistical significance, with a P-value threshold of 0.05; the genotype CI received fewer non-
533 Bombus bees and lepidopterans than XRQ and IR, while XRQ and IR received similar visitation
534  frequencies for both insect classes (Table 7; Fig. 5). Regarding bumble bees, the three
535  genotypes received similar visitation frequencies. However, in terms of effect sizes, the two
536  models yielded substantially different results. The model with the weather variables resulted in
537  greater differences of non-Bombus bee visitation frequencies for IR and CI in comparison with
538 XRQ than the model without the weather variables (Fig. 5). The bumble bee visitation
539  frequencies were higher for IR and CI compared to XRQ with the model with the weather
540  variables, while they were lower with the model without the weather variables. For
541  lepidopterans, the two models yielded similar differences between IR, CI, and XRQ.

542 Based on the complete model with all the weather variables and the multimodel averaging,
543 non-Bombus bees and lepidopteran activity on sunflower heads responded to the temperature
544  with a bell shape, with an optimum temperature of 30.1°C for non-Bombus bees and of 20.0°C
545  for lepidopterans (P < 0.05 and RI = 100% for the squared term; Table 8). On the other hand,
546  bumble bee activity decreased with a constant negative effect with the temperature (P < 0.05
547  and RI=100% for the simple term). The activity of the three insect classes decreased with the
548  relative humidity (P < 0.05; RI = 100%), while radiation and wind speed both did not show
549  evidence of effect on these activities (P > 0.1; RI < 51% for radiation and < 45% for wind
550  speed), but with weak evidence for a negative effect of wind speed on non-Bombus bee activity
551  (P<0.1; RI=79%). Overall, based on the multimodel averaging, the effect size was the greatest
552 for the temperature for non-Bombus bee activity, while the effect size of the relative humidity
553  was the greatest for bumble bee activity, and while the effect sizes of both temperature and
554  relative humidity were quite similar for lepidopteran activity (Table 8).

555
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556 4. Discussion

557 4.1. Performance of PolliCrop to predict the insect classes at the image level

558  Overall, the PolliCrop deep learning model was efficient at successfully predicting most of
559  images, between 96% and 100%. This ability is largely driven by the high rate of images
560  without insects (> 85% in the two examples of image sets), mostly correctly predicted by the
561  model. The two versions of PolliCrop were also efficient at predicting non-Bombus bees, with
562  afew “hallucinations” for both versions, but more bees were missed by PolliCrop2. PolliCrop2
563  hallucinated fewer bumble bees and lepidopterans than PolliCrop1, although it depended on the
564  image set. Learning “empty” images, i.e., without insect, did not necessarily improve model’s
565  precision. On the other hand, PolliCrop1 missed fewer insects (non-Bombus bees, bumble bees,
566  and lepidopterans) than PolliCrop2 on all image sets. Thus, PolliCrop1 is recommended against
567  PolliCrop2, although it should depend on the context and image set. If PolliCrop2 yields fewer
568  “hallucinations” on a given image sample of an image set, and that the image set includes a
569  high rate of “empty” images or of poor quality (e.g., blurred images or images underexposed to
570  light), then running PolliCrop2 may be preferred. On the other hand, if one would like to check
571  the images after model running in an image set with a high rate of “empty” images, running a
572 version with a low rate of missed insects (but a high rate of “hallucinations’’) would be preferred
573  against a version with a low rate of hallucinations (but a high rate of missed insects), since
574  reviewing the few images with an insect predicted by the model (= “positive’ images) would
575  take less time than reviewing all images for which the model predicted insect absence.
576  Regardless, the model was effective at predicting insects on new image sets that were not used
577  to train the model. However, to confirm if the model is well generalizable to new image sets of
578  sunflower heads, captured in other contexts, countries, seasons, insect communities, etc., the
579  model should be tested with these new types of image sets. Most likely, images of these new

580  sets will need to be segmented and identified at the insect morphogroup level to increase the
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581  model’s generalizability. The “new” image set tested here came from the exact same location,
582  sonot an evident proof of generalizability. Future improvements of the model should also aim
583  to increase the performance scores per insect class, the “intra-class” detection, e.g., between
584  bumble bee morphogroups (white-end Bombus, red-end Bombus, brown Bombus; e.g., Bjerge
585  etal., 2023a,c; Smith et al., 2026), the number of classes detected (e.g., hoverflies, Vespidae,
586  Xylocopa), as well as other sunflower head morphs and other crop species (e.g., apple crop;
587  Smith et al., 2026). The model will therefore gain from increasing the number of images
588  segmented, especially with the insect morphogroups poorly represented in the current image
589  setused to train the model, and increasing the number of crop species monitored with cameras,
590 e.g., by pooling all the images available in the different projects of deep learning model
591  developments for flower-visiting insect detection (Spiesman et al., 2021; Bjerge et al.,
592 2023a,b,c, 2024; Stark et al., 2023; Sittinger et al., 2024; Alex et al., 2025; Serra-Marin et al.,

593  2025; Stefan et al., 2025; Bernauer et al., 2026; Gardiner et al., 2026; Smith et al., 2026).

594
595 4.2. Performance of PolliCrop to predict the insect visitation frequency at the level of
596 sunflower genotype

597  When comparing the counts of insect visitations made on sunflower heads by the human eye
598  with those predicted by PolliCrop on a complete image set that was used to train the model, the
599  version PolliCropl performed the best for two genotypes out of three, XRQ and IR. In
600 particular, PolliCropl predicted well the visitation frequency of non-Bombus bees and
601 lepidopterans per image in a range of £10%. It is interesting to note that the scores of precision
602  and recall can sometimes, if they are both low but not too low, compensate for each other,
603  resulting in an over- or underestimation of insect visitation frequency < 10%, as is the case of

604  the predictions of lepidopterans by PolliCropl. The estimations and additions of these two
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605  performance scores for a given insect class can therefore inform on the level of over- or
606  underestimation of insect visitation frequency by the model.

607 It is also interesting to note that the performance of the model can depend on the sunflower
608  genotype. Both PolliCrop versions were, for instance, poor at predicting the insect visitation
609 frequency for the genotype CI for the three insect classes. Several factors may explain this poor
610  performance. First, this outcome can be explained by the low level of monitoring of this
611  genotype, both in terms of sample size and hours monitored per plant, resulting in quite small
612  total numbers of insect visitations recorded, especially for bumble bees and lepidopterans,
613  likely increasing the error percentage of prediction as a consequence. The poor prediction of
614  PolliCrop for CI may also be explained by the unique head morphology of CI, featuring a darker
615  general appearance and more prominent stigmas compared to a “standard” cultivated sunflower
616  head (see Fig. S5). These distinctive features may explain the increased rate of missed non-
617  Bombus bees by the model, through an increased confusion of their morphology with the
618  background. A third explanation for the low performance of PolliCrop for predicting the insect
619  visitation frequency on CI may be the elevated frequency of blurred images observed during
620  visual review. Across all three genotypes, the poor performance of PolliCrop for predicting the
621  visitation frequency of bumble bees may be explained by the overall very low frequency of
622  bumble bee visitations. The very small total raw number of bumble bee visitations recorded
623  may then again inevitably increase the error percentage of prediction.

624 Our recommendations for reaching the highest level of performance as possible for
625  PolliCrop to predict the insect visitation frequency in a given image set would be (i) to monitor
626  a sufficient number of plants per genotype; (ii) to monitor the plants during a sufficient period
627  of time, ideally during the whole blooming period of the heads; (iii) to maximize the quality of
628  the images, for instance by avoiding as many as possible blurred images. For the future, the

629  general performance of PolliCrop to predict insect visitations in new images sets with a variety
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630  of sunflower morphs could be increased by increasing the size of the training image set with a
631  variety of sunflower morphs, including branched and single headed genotypes, and by
632  retraining the model with this augmented image set. Regardless, it can be useful to estimate

633  performance scores per genotype, by reviewing with the eye an equal number of sampled

634  images.
635
636 4.3. Circadian clock and effect of weather conditions on insect foraging

637  The daily pattern of activity of bees found in our results is consistent with what has been
638  reported in the literature for foraging activity recorded during summer: sharp increase and
639  decrease in the morning and evening, respectively, with a plateau during the day (Stelzer and
640  Chittka, 2010; Steen, 2017). This daily pattern is not driven by the absolute levels of light
641 intensity, but by the circadian clock which is entrained by the natural daily cycles in light
642  intensity and the associated temperature fluctuations (Stelzer and Chittka, 2010; Steen, 2017).
643  This is how bumble bees showed a foraging activity with a day/night cycle even with permanent
644  daylight conditions during summer north of the Arctic circle (Stelzer and Chittka, 2010). This
645  can explain why variations of radiation during the day did not show evidence of effect on bee
646  visitations to sunflowers in our results.

647 Regarding the temperature effect, while it is theoretically well established that the foraging
648  activity of bees should decrease beyond an optimum temperature (Colinet et al., 2015),
649  empirical studies are scarce in the literature. Our value of 30°C found for the optimum activity
650  of non-Bombus bees on sunflower heads can for instance be compared with the optimum of
651  33°-37°C found for honey bees foraging on strawberry flowers in Australia (Jaboor et al.,
652  2022), or of 24°C for honey bees foraging on raspberry flowers late Spring in Norway (Nielsen
653  etal., 2017). This optimum may probably depend on the season, crop visited and environmental

654  context, but further studies are required. A negative effect of the temperature was found on
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655 bumble bee activity, but this probably arises from the very low number of bumble bees
656  recorded, resulting in poor statistical power. Kenna et al. (2021) found an optimum temperature
657  of 25°C for the flight performance of bumble bees, while in our study the day temperatures
658  recorded covered a range above and below this optimum. The negative effect of relative
659  humidity found on non-Bombus bee and bumble bee activity is consistent with the observations
660  of Sanderson et al. (2015) of bumble bee activity at nest entrance. Sanderson et al. (2015)
661  suggested that this effect could be due to the decrease of nectar concentration in sugars with
662 increasing relative humidity (Pacini and Nepi, 2007), resulting in a decrease of its nutritional
663  value per unit volume. But this hypothetical mechanism needs empirical experiments to be
664  confirmed. This effect could also be an artifact resulting from the strong negative correlation
665  between temperature and relative humidity, or from a potential positive correlation between
666  relative humidity and rainfall. The effect found for relative humidity could be indirect resulting
667  only from the combined effects of temperature and rainfall. The weak negative effect of wind
668  speed found on non-Bombus bee activity is consistent with what has been previously reported
669  in the literature with the foraging activity of honey bees, bumble bees and other wild bees
670  (Pinzauti, 1986; Vicens and Bosch, 2000; Sanderson et al., 2015; Ngo et al., 2021); although
671  Pinzauti (1986) found a sharp decrease of honey bee foraging until 0 between 10 and 16 km/h.
672 The activity period observed for lepidopterans, occurring mostly during the first half of the
673  night (between 20:00 and 02:00 in our study), is consistent with the observations made by Knop
674  etal. (2018) on night lepidopterans visiting meadow flowers (mostly between 22:00 and 02:00).
675  For our observations, this activity period may be the result of nectar secretion that occurs only
676  during the day for sunflower (Stan Chabert, unpublished data). Moths would visit sunflower
677  heads primarily during the first half of the night to feed on residual nectar left by bees during

678  the day, and would leave the heads when all this residual nectar has been completely consumed.
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679  An optimum of 20°C was found for lepidopteran activity in our study, while Knop et al. (2018)
680  found only a simple positive effect of temperature.

681 Finally, including or excluding the weather variables in the statistical model did not change
682 the statistical conclusions made on the differences of visitation frequencies between the three
683  sunflower genotypes for the three insect classes. This observed insensitivity to weather
684  conditions is probably due to the relative short period of ten days monitoring insect activity.
685  During such a short period, most of the plants of the three genotypes finally bloomed at the
686  same time. Including the weather variables in the model would be especially relevant for
687  comparing genotypes with non-overlapping bloom and with strong variability of weather
688  conditions during the whole monitoring period. In the future, this type of analysis should
689  directly include general knowledge about the flower-visiting insect responses to the weather
690  conditions via priors in a Bayesian approach (Clark and Gelfand, 2006; Korner-Nievergelt et
691  al, 2015). This approach would make it possible to overcome the specific weather conditions
692  inherent to each experiment. But this requires first to exhaustively investigate the insect activity
693  on flowers in relation with the weather conditions over different seasons. For instance, the
694  recently developed devices to automatically count the honey bees entering and leaving the hive
695  per unit of time could be used for that (Meikle and Holst, 2015; Clarke and Robert, 2018;
696  Odemer, 2022).

697

698 4.4. Community of insect pollinators visiting sunflower heads

699  The high frequency of honey bee visitations to sunflower heads found in our image set is
700  consistent with the large dominance of honey bees observed worldwide in the literature for the
701  insect pollinators visiting sunflower, in countries other than North America (see references in
702  Brown and Cunningham, 2019; Chabert et al., 2022; Aubouin et al., 2026). Sunflower is native

703  to North America (Kantar et al., 2015), and in this region, heads receive more visits from wild
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704  bees, with a higher species diversity observed than anywhere else, than honey bees (see
705  references in Brown and Cunningham, 2019; Chabert et al., 2022). In France for instance, only
706 11 wild bee species, including bumble bees, have been recorded at least 5 times in the databases
707  of Rollin et al. (2015) and Aubouin et al. (2026). For the future development of PolliCrop, to
708  extend the ability of the model to identify the insects visiting sunflower in all countries, the
709  training image set should be reinforced with images coming from a variety of countries, and
710  especially from North America.

711 Moths were surprisingly very abundant in our image sets, present in 30% of the images
712 that included at least one “pollinator” on the head (Table 1). They foraged on sunflower mostly
713 during the night (see above), but also a little during the day (Fig. 3). Their visitation frequency
714 to sunflower heads almost reached that of the non-Bombus bees: 76% of the non-Bombus bee
715  frequency on IR and 44% on XRQ (Fig. 5). Carvalheiro et al. (2011) also recorded moths
716  visiting sunflower heads in fields during the day in South Africa, while Torretta et al. (2009)
717  observed a high moth abundance during the night in Argentina over 3 years. In this last study,
718  the richness of moth community was unexpectedly high, including 3 families, 10 subfamilies,
719 24 genus and 34 species. This study contributes therefore to the growing literature showing that
720  nocturnal insects represent a substantial fraction of the flower-visiting insects, overlooked so
721  far, potentially contributing to pollination (Macgregor and Scott-Brown, 2020; Requier et al.,
722 2023). In the case of sunflower, since pollen is emitted in the early morning (Creux et al., 2021),
723 moths visiting sunflower at night most probably make limited contributions to pollination (but
724  see Nderitu et al., 2008).

725

726 4.5. Experimental design and interpretation of attractiveness

727  Caution should be paid to the experimental design for interpretation of plant attractiveness. (i)

728  Honey bees and bumble bees usually forage following a linear pattern within the same rows of
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729  plants (Free and Spencer-Booth, 1964; Cresswell et al., 1995; Jackson, 1996; Brittain et al.,
730  2013; Mallinger et al., 2024). Mixing plant genotypes within rows would therefore reinforce
731  the experimental design for testing the preference of bees towards certain genotypes. (ii) Insect
732 pollinators learn to associate a set of floral traits (morphology, color, volatile organic
733 compounds, electric field, etc.) characterizing a plant’s genotype to its level of resources offered
734 (Wright and Schiestl, 2009; Frachon et al., 2021). There is therefore probably a minimum
735  “mass” of plants of each genotype to provide within the experimental plots, to give the insects
736  enough plants to learn which genotypes are the most profitable. (iii) This is not because a plant
737  genotype is weakly attractive to insect pollinators in experimental plots mixing multiple
738  genotypes, that this genotype will also be weakly visited by insect pollinators in commercial
739  fields offering only this single genotype. The level of insect visitation to a field depends on the
740  level of resources offered by both the field and the environment in the surroundings. (iv) Honey
741  bee and bumble bee colonies can be added to the experimental plots to ensure the presence of
742  both these taxa, bearing in mind that the presence of one taxon can influence the distribution
743 on genotypes of the other taxa (Ferguson et al., 2021).

744

745 4.6. Conclusion

746  In this study, we developed PolliCrop, a deep learning model that automatically detects and
747  identifies three classes of the main insect pollinators from images of sunflower heads captured
748  during the day and the night with satisfying performance scores. This model will be particularly
749  useful for high-throughput phenotyping of the attractiveness of plant genotypes to flower-
750  visiting insects. The model was developed first on sunflower, a plant with all the flowers
751  concentrated in a single inflorescence, making this species particularly well adapted for
752 monitoring flower-visiting insects at the plant level with a camera. PolliCrop can be extended

753  in the future to other crop species by adding new segmented images captured on these crops to
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754  the training image set. An important improvement for the overall pipeline of high-throughput
755  phenotyping of attractiveness of plants to flower-visiting insects will be to develop an
756  embedded system to directly detect, identify, and record insects on video monitoring and by
757  saving only the count data on-device. This capacity will enable the monitoring of the whole
758  blooming period of plants in a continuous way, yielding the exact number of insect pollinators
759  that visited a set of flowers during the whole life of these flowers.
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1131  Table 1. Morphogroups of flower-visiting insects identified in the 150,000 images of sunflower heads reviewed, with the number of images in

1132 which each morphogroup was present.

Insect order  Taxonomic subgroup Other taxonomic subgroup  Morphogroup of flower-visiting insect ~ Number of images Most probable insect species®

Diptera Syrphidae Hoverflies 25
Non-syrphid flies 324
Lepidoptera Rhopalocera Butterflies 11
Heterocera Moths 2570
Hymenoptera Vespidae Wasps 27
Vespa spp. Hornets 9
Anthophila (bees) Apis Honey bees (Apis mellifera) 2942 Apis mellifera
Megachilidae Leafcutter bees (Megachile spp.) 83
Halictidae / Andrenidae Large striped halictids / mining bees 1168 Andrena flavipes, Halictus scabiosae
Tiny black halictids 207 Lasioglossum malachurum, L. subhirtum,
L. pauxillum, Halictus tumulorum
Bumble bees (Bombus spp.) | White end Bombus 808 Bombus terrestris agg., B. hortorum, B.
ruderatus
Red end Bombus 95 Bombus lapidarius
Brown Bombus 26 Bombus pascuorum
Unidentified Bombus 78
Xylocopa spp. 12
Other Anthophila 52
Unidentified Anthophila 116

1133 In bold: morphogroups that reached the minimum number of images (ca. 500) required to sufficiently train the deep learning model so that the model has the
1134 ability to detect and identify the morphogroup with enough performance. The three colored boxes correspond to the three insect classes that the deep learning
1135  model was able to finally detect and identify after training: non-Bombus bees (in red), bumble bees (in purple), and lepidopterans (in green).

1136  *Most probable bee species corresponding to the associated morphogroups, based on the species occurring at least 5 times in the databases of Rollin et al. (2015)

1137  and Aubouin et al. (2026) of bees foraging on sunflower in France.


https://doi.org/10.64898/2026.07.08.737348
http://creativecommons.org/licenses/by/4.0/

1138  Table 2. Calculations of the performance scores after testing the two versions of PolliCrop with a subsample of the image set used for training

1139  and validating the model.

Performance score (%)

Model version Class of flower-visiting insects  Precision Recall F1

PolliCrop1l Non-Bombus bees 78.0 83.8 80.8

Bumble bees 67.0 90.5 77.0

Lepidopterans 78.1 913 84.2

PolliCrop2 Non-Bombus bees 79.0 78.8 78.9

Bumble bees 66.5 75.8 70.8

Lepidopterans 89.4 87.3 884
1140
1141

1142 Table 3. Evaluation of the two versions of PolliCrop with the image set ‘22HP14’, composed of 8,970 images.

Performance score (%)

Model version Class of flower-visiting insects  Accuracy Precision Recall F1

PolliCrop1l Non-Bombus bees 98.5 95.2 86.1 904
Bumble bees 99.9 68.0 89.5 773
Lepidopterans 97.2 66.0 71.0 68.4
PolliCrop2 Non-Bombus bees 97.4 92.2 75.8 83.2
Bumble bees 99.8 50.0 73.7 59.6
Lepidopterans 96.3 58.9 51.4 54.9

1143
1144
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1145  Table 4. Evaluation of the two versions of PolliCrop with a sample of 1,024 images of the image set ‘24EV16’.

Performance score (%)

Model version Class of flower-visiting insects  Accuracy Precision Recall F1

PolliCrop1l Non-Bombus bees 98.0 89.3 84.8 87.0

Bumble bees 99.2 55.6 100 71.4

Lepidopterans 96.6 50.9 83.3 63.2

PolliCrop2 Non-Bombus bees 97.1 85.9 723 78.6

Bumble bees 99.8 83.3 100 90.9

Lepidopterans 97.5 63.2 66.7 64.9
1146
1147

1148  Table 5. Number of insects visiting the sunflower heads counted with the human eye on the images of the set ‘22HP14°.

Genotype
Class of flower-visiting insects XRQ IR Cl Total
Non-Bombus bees 304 445 59 808
Bumble bees 7 10 2 19
Lepidopterans 117 312 6 435
Total 428 767 67 1,26
Total number of images 3,048 4,948 974 8,970

Number of images from 08:00 to 21:00 (day) 1,719 2,707 805 5,231
Number of images from 20:00 to 08:00 (night) 1,469 2,445 203 4,117

1149
1150
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1151

1152

1153
1154

1155
1156
1157
1158

Table 6. Performance scores of the two versions of PolliCrop ran on the image set ‘22HP14°, according to the genotype.

Genotype
XRQ IR Cl XRQ IR Cl
Model version Class of flower-visiting insects  Precision (%) Recall (%)
PolliCrop1l Non-Bombus bees 96.8 94.2 94.1 934 85.6 54.2
Bumble bees 63.6 100 33.3 100 80 100
Lepidopterans 79.4 63.4 154 739 70.5 333
PolliCrop2 Non-Bombus bees 96.4 88.4 95.7 91.7 703 37.3
Bumble bees 333 77.8 100 85.7 70.0 50.0
Lepidopterans 71.2 569 100 456 550 O

Table 7. Pairwise comparisons of the number of insects per image between the three sunflower genotypes, estimated from the GL(M)Ms with or without the

weather variables.

GLMMs without the weather variables

Complete GL(M)Ms with all the weather variables

Class of flower-visiting Compared Random effects {8 +SE z P Random effects Weather fixed effects B +SE z P
insects genotypes
Non-Bombus bees XRQvs IR Plant, Date 0.13+0.20 0.68 0.496 Plant Radiation, Temperature, 0.33+0.17 1.93 0.054
2 \an
from 08:00 to 21:00 (day)  XRQ vs Cl 1.13+0.30 3.72 <0.001 Temperature’, Wind speed, 1.27+0.24 529 <0.001
Relative humidity
IR vs Cl 1.00+0.30 3.33 <0.001 0.95+£0.23 4.12 <0.001
Bumble bees XRQvs IR Date -0.46 £0.53 -0.86 0.392 Radiation, Temperature, -0.16 £0.50 -0.32 0.750
2 \an
from 08:00 to 21:00 (day)  XRQ vs Cl 0.59+0.89 0.66 0.510 Temperature’, Wind speed, -0.09+0.83 -0.11 0.916
Relative humidity
IR vs Cl 1.04+097 1.20 0.229 0.07+£0.80 0.09 0.929
Lepidopterans XRQuvs IR Date -0.45+0.25 -1.82 0.069 Plant, Date Temperature, Temperature?, -0.57+0.37 -1.53 0.126
from 20:00 to 08:00 (night) XRQ vs Cl 138+0.65 212 0.034 Wind speed, Relative humidity 154,075 201 0.044
IR vs Cl 1.83+0.65 2.84 0.004 2.08+£0.78 2.66 0.008

In bold: P values < 0.05. The random effects were chosen based on top-down selection presented in Table A.1. See Fig. 5 for graphical representation. The weather variables

were all centered and standardized to estimate insect visitation frequencies per genotype on average weather values: 58.0 J/cm? photosynthetically active radiation, 27.4°C

actinothermic index at 50 cm, 54.3% air humidity and 9.3 km/h wind speed during the day for non-Bombus bees and bumble bees, and 18.9°C, 79.8% and 6.0 km/h during the

night for lepidopterans.
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1159  Table 8. Predictions and statistics of the weather predictors, estimated from the GL(M)Ms with the weather variables.

Complete model with all the Multimodel averaging
weather variables

Class of flower-visiting insects Random effects Weather predictor p +SE z P Relative B +SE
importance (RI)

Non-Bombus bees Plant Radiation 1.72+1.71 1.01 0.313 51% 2.18 £1.66
from 08:00 to 21:00 (day) Temperature 14.45 +3.33 434 <0.001 100% 15.00 £ 2.88
Temperature? -12.56 + 1.83 -6.85 <0.001 100% -12.60 + 1.80
Wind speed -2.63£1.57 -1.67 0.094 79% -3.01+1.49
Relative humidity = -8.13+2.21 -3.68 <0.001 100% -8.20+£2.10
Bumble bees Radiation 5.30+9.66 0.55 0.583 24% 6.77 £9.01
from 08:00 to 21:00 (day) Temperature -41.59 £ 16.22 -2.56 0.010 100% -36.95 +9.68
Temperature? -11.90 £+ 8.26 -1.44 0.150 48% -9.38+7.62
Wind speed -8.10 £ 8.46 -0.96 0.338 28% -7.31+7.76
Relative humidity — -48.72 + 14.90 -3.27 0.001 100% -48.12 + 12.67
Lepidopterans Plant, Date Temperature 6.83+4.80 1.42 0.155 100% 468+3.91
from 20:00 to 08:00 (night) Temperature? -7.78 £ 3.05 -2.55 0.011 100% -8.24 +2.87
Wind speed -5.87+4.61 -1.27 0.203 45% -5.87+4.61
Relative humidity = -8.72 +3.16 -2.76  0.006 100% -8.31+2.88

1160  Inbold: P values < 0.05. The random effects were chosen based on top-down selection presented in Table A.1. The parameters estimated from the multimodel
1161 averaging were calculated from the sets of most parsimonious GL(M)Ms that were selected based on AIC (AAIC < 2 with the model with the lowest AIC),

1162  displayed in grey in Table A.2. The weather variables were all centered and standardized to enable direct comparison among effects.
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1163

1164  Fig. 1. Left: Wingscapes camera positioned with the lens facing a sunflower head, on the Heliaphen platform. Right: Wingscapes cameras

1165  positioned on tripods in the field nursery of the INRAE site of Auzeville-Tolosane, France.
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1166

1167

1168

1169

Hoverfly Non-syrphid fly Hornet

Xylocpa sp.

White end Red end Brown
bumble bee bumble bee bumble bee

Leafcutter Large striped
bee halictid / mining bee

Honey bee Tiny black

halictid

Fig. 2. Morphogroups of flower-visiting insects identified on the 150,000 images reviewed of sunflower heads. The three colored boxes correspond
to the three insect classes that the deep learning model was able to finally detect and identify after training: non-Bombus bees, bumble bees, and

lepidopterans.
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Fig. 3. Number of insects visiting the sunflower heads during the daylight hours (light area)

and the night period (grey area). Time is expressed in local time: e.g., 02:00 corresponds to

midnight (00:00 UTC). Numbers are derived from the counts made with the human eye.

Approximately 12 images (sometimes a bit less) were captured and summed per hour each day,

per plant.
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1177  Fig. 4. Insect activity on the sunflower heads assessed from the human eye and the predictions
1178  of the two versions of PolliCrop, in relation with the genotype and the insect class. The counts
1179  were limited to the activity period of each insect class, during the day period from 08:00 to
1180  21:00 for both classes of non-Bombus bees and bumble bees, and to the night period from 20:00
1181  to 08:00 for lepidopterans. Numbers above the bars are the % of increase or decrease of the
1182  prediction of PolliCrop in comparison with the counts made with the human eye. The % >

1183  |+£10%)| are highlighted in bold.
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Fig. 5. Insect activity on the sunflower heads assessed from the human eye, in relation with the genotype
and the insect class. On the left, data are the averages directly calculated from the raw data. On the right,
data are the predictions given by the complete GL(M)Ms with all the weather variables (Table 7). The
counts were limited to the activity period of each insect class, during the day period from 08:00 to 21:00
for both classes of non-Bombus bees and bumble bees, and to the night period from 20:00 to 08:00 for
lepidopterans. Percentages are the increases or decreases of IR and CI in comparison with XRQ. A
different letter above the bars indicates a difference with P < 0.05. The statistics on the left are from the
GLMMs without the weather variables, and from the complete GL(M)Ms with all the weather variables
on the right (Table 7). The weather variables were all centered and standardized to estimate insect

visitation frequencies per genotype on average weather values (see caption in Table 7 for the values).
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