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ABSTRACT. Decision-support tools that predict bloom progression based on site-
specific weather data can help growers and beekeepers better coordinate pollination
management and crop protection activities with crop phenology. A weather-driven
bloom phenology model was developed to predict progression of anthesis in
northern highbush blueberry (cv. Duke) fields in Washington State. Flower
phenology data were collected from commercial fields from 2022 to 2025. At each
site, hourly air temperature data were used to calculate growing degree days, and a
model was constructed to predict open bloom progression. On average, the model
predicted bloom stages within 2.4 days of observed dates at initial 10% bloom,
3.4 days at peak (~50%) bloom, and 3.7 days at remaining 10% bloom (mean
absolute prediction error). Results demonstrate that a temperature-based
modeling framework can estimate bloom progression and provide guidance to
help blueberry growers and beekeepers better align the arrival and departure of
managed pollinators with crop phenology.

Introduction

Northern highbush blueberry
(Vacciniumcorymbosum)depends
on insect-mediated pollination

(MacKenzie 1997; Retamales andHancock
2018), with managed honeybees (Apis
mellifera) being the primary pollinator
in commercial systems (Eeraerts et al.
2023a). To ensure effective pollination,
colonies are introduced at the onset of

anthesis (open bloom), which promotes
the bees focusing on the crop rather
than other flowering plants in the land-
scape. In addition, growers are advised
to introduce bee colonies when the
crop reaches 5% to 25% anthesis so that
flowers remain receptive to pollination
and subsequent fertilization (Isaacs et al.
2016). Near the end of bloom, growers
are also eager to have beekeepers re-
move their colonies once pollination is
complete so they can proceed with crop
protection activities, such as applying in-
secticides to manage arthropod pests.

Timing the arrival and departure
of bee colonies is logistically challeng-
ing and requires coordination between
growers and beekeepers, as well as con-
sideration of field-to-field variation in
bloom phenology. Advance warning
of this growth stage can help growers
alert beekeepers who may be bringing
hives from long distances. Bloom pro-
gression is largely influenced by tempera-
ture and cumulative heat units, and most
flowers become unsuitable for pollination
within days of opening (Kirk and Isaacs
2012). Decision-support tools that pre-
dict bloom progression may help both
parties align their activities with crop phe-
nology, improving pollination outcomes

and facilitating timely crop protection
practices. The objective of this study was
to develop a weather-driven bloom phe-
nology model designed to predict bloom
progression in Washington State with a
focus on the anthesis stage.

Materials and methods
PHENOLOGY DATA. Data were col-

lected from mature commercial blue-
berry fields (cv. Duke) in Whatcom and
Skagit counties in western Washington
from 2022 to 2025 during pollination.
This cultivar is one of the first to bloom
and requires bee deliveries before other
cultivars. Initially, 12 fields were sam-
pled in 2022 as a sub-component of a
larger sampling design (Eeraerts et al.
2023b). Phenology sampling continued
in a subset of four and three of these
same fields in 2023 and 2024, respec-
tively. In 2025, data were collected from
a single field that was part of a separate
study. Data collection began at �10%
cumulative bloom, which was deter-
mined by visual estimates. Quantita-
tive sampling then occurred one to two
times per week and entailed counting
the number of closed and open flowers
as well as flowers at petal fall during later
bloom stages on five representative, ran-
domly selected branches per transect.
Individual rows were treated as a tran-
sect with four 100-m transects fixed
within each field. Transects were located
in the field center with systematic spac-
ing of at least 5 m between transects.
Sampling concludedwhen visual estimates
of cumulative bloom reached�90%.

GROWING DEGREE DAY COMPUTATION.
For each field, hourly average air tempera-
ture data from the nearest AgWeatherNet
station were used to calculate growing de-
gree days (GDDs) starting 1 Jan through
the last day of phenology sampling for
each year of the study. AgWeatherNet is
Washington State University’s agrome-
teorological network that collects spatio-
temporal weather data from more than
300 stations across the state. The near-
est station distance ranged from 0.2 to
15.9 km away from the field sites. Daily
maximum and minimum temperatures
were derived for all sampling dates and
used to calculate GDDs using the single
sine method (Zalom et al. 1983), imple-
mented using the function dd_sng_sine
of the R package degday (Lyons 2022).
The base temperature was set to 7�Cwith
no upper threshold (Kogan et al. 2023).

STATISTICAL METHODS. A model was
constructed using weather data to predict
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bloom progression. Cumulative percent
bloom and cumulative percent petal fall
were calculated from field observations.
Cumulative bloom and petal fall were de-
fined as the proportion of open flowers
plus petal fall, or petal fall alone, respec-
tively, expressed on a 0% to 100% scale.
Cumulative bloom and petal fall were
modeled with growing-degree–based
binomial logistic regression models.
GDDs were included as a third-order
polynomial function for the former, and
as a linear term for the latter. Open
bloom was computed as the difference
between cumulative bloom and petal fall.

Cluster cross validation, with clus-
ters defined by field-years, was used to
compare predictions and estimated ac-
tual timing (in calendar days) of initial
10% (during increasing % bloom), peak
(�50%), and remaining 10% open
bloom (during decreasing % bloom).
Validation metrics included mean abso-
lute prediction error, the average abso-
lute difference between predicted and
observed values, and root mean squared
error (RMSE), the square root of the
average squared difference between pre-
dicted and observed values. Actual tim-
ing for initial 10% and remaining 10%
were determined with linear interpola-
tion. For dates in which 10% was not
observed in the field data for early or
late bloom, the GDD values were esti-
mated by nonlinear least squares fitting
of a parametric double logistic curve.

Actual timing of peak bloom was esti-
mated as the GDD value corresponding
to the maximum of that same fitted
curve for each field-year. Model pre-
dicted timings in GDDs were converted
to field-specific calendar days using a linear
interpolation. All statistical analyses were
conducted in R (RCore Team, 2025).

Results and discussion
MODEL ACCURACY. On average,

themodel predicted bloom stages within
2.4 d of observed dates at initial 10%
open bloom, 3.4 d at peak open bloom,
and 3.7 d at remaining 10% open
bloom (mean absolute prediction error;
RMSE 5 2.75, 3.86, and 4.25 d, re-
spectively). Across sampling years, initial
10% bloom occurred between 19 Apr
and 3 May, peak bloom fell between 9
and 21May, and remaining 10% bloom
fell between 19 and 30 May. Variabil-
ity across years was observed (Fig. 1),
which may contribute to systematic pre-
diction errors within a given year. The
impact of model prediction uncertainty
can be offset with closer visual inspec-
tion of bloom progression by growers
in the days leading up to bloom. In
addition, a subset of contracted bee col-
onies can be deployed for early bloom-
ing sections of a farm, with additional
colonies delivered as bloom progresses.

NEAREST AGWEATHERNET VS. IN-
FIELD DATA. This study and the result-
ing models relied on weather data

from nearby agrometeorological sta-
tions, which varied in distance from
the field sites. These actively maintained
stations provide reliable meteorologi-
cal data across the season and state.
Although in-field data loggers could
improve model accuracy by capturing
micro- and meso-climatic variation,
logger failures have occurred in the
past leading to missing data and the ne-
cessity for routine logger maintenance.
In addition, in-field loggers exhibited
higher temperature fluctuations and
faster GDD accumulation compared
with the agrometeorological stations
(data not presented). Given these dis-
crepancies and logistical challenges, the
final models used air temperature data
from university-maintained stations. This
enhances the utility and accessibility of
the model when deployed through the
DAS online decision-support system for
growers across Washington.

Conclusion
This study presents a blueberry

phenology timing model that predicts
percent cumulative bloom, petal fall,
and open bloom across the growing
season in Washington State based on
historical and forecasted weather infor-
mation. The model is available online
(https://decisionaid.systems/) and pro-
vides up to 14-d forecasts of bloom pro-
gression, further increasing the tool’s
practical utility. This model fills an

Fig. 1. Observed percent of flowers at anthesis (points) and corresponding modeled predictions (lines) plotted against
accumulated growing degree days (GDDs) across blueberry growing seasons in Washington State from 2022 to 2025.
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important gap, helping growers and
beekeepers predict the timing of key
phenological stages to support more ef-
fective decisions about when to move
bee colonies into and out of fields. The
developed modeling framework will be
extended to other growth stages, states,
and cultivars as supplemental data are
collected.
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