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 a b s t r a c t

Accurate forecasting of yield is critical for commercial strawberry production, where daily harvest estimates di-
rectly influence labour allocation, logistics planning, and market supply commitments. Nevertheless, farm-scale 
forecasting operates under significant constraints, including limited multi-year history, seasonal discontinuities, 
seasonal zero-yield boundaries, and heterogeneous operational data sources. While most existing forecasting 
studies are evaluated on extensive datasets, this work specifically investigates yield prediction performance un-
der limited-data conditions. We employ a leakage-aware, biologically informed framework for daily strawberry 
yield forecasting using six consecutive production years (2020–2025) from a commercial UK farm. The mod-
elling pipeline integrates rolling environmental summaries and multi-horizon yield lag features while preserving 
seasonal boundaries and enforcing strict temporal alignment. A comprehensive benchmarking study evaluates 
linear models, distance-based methods, tree ensembles, gradient boosting frameworks, neural architectures, and 
a tabular foundation model (TabPFN) under three validation approaches: random train–test splitting, Leave-One-
Out Cross-Validation, and forward-year generalisation. The results show that the evaluation design materially 
affects the apparent performance. Under deployment-relevant forward-year validation (train 2020–2024, test 
2025), TabPFN achieves MAE of 438.53 and coefficient of determination (𝑅2) of 0.696, outperforming classi-
cal baselines. Tree-based ensembles also exhibit strong generalisation, whereas neural sequence models trained 
from scratch underperform in the limited-data. The findings indicate that biologically motivated temporal fea-
tures capture substantial predictive structure and that robust inductive bias is more beneficial than architectural 
complexity in small seasonal datasets.

1.  Introduction

Accurate yield forecasting remains one of the most challenging prob-
lems in commercial horticulture. For high-value, labour-intensive crops 
such as strawberries, daily production estimates directly inform harvest 
scheduling, labour allocation, logistics planning, storage management, 
and contractual supply commitments. Even modest forecasting errors 
at daily resolution can result in labour inefficiencies and post-harvest 
waste. The economic motivation is substantial: the global fresh straw-
berry market has been estimated at approximately USD 20.7 billion in 
2024, with projections exceeding USD 30 billion by the mid-2030s, re-
flecting sustained growth in year-round demand and supply-chain scale 
[1]. In the United Kingdom, official statistics report the value of the 
strawberry crop at £389 million in 2024, showing the commercial rel-
evance of improving forecasting accuracy within domestic horticulture 
[2]. As digital record-keeping and environmental sensing become in-
creasingly embedded in farming operations, there is growing interest in 
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deploying Machine Learning (ML) and Deep Learning (DL) methods to 
predict historical production into reliable yield forecasts. Similar stud-
ies across other agricultural crops have further demonstrated the value 
of combining meteorological information with statistical and machine-
learning approaches for yield forecasting, including comparative eval-
uations of linear, penalised-regression, and neural-network models for 
rice and sugarcane production [3–5].

Strawberry production presents particular modelling difficulties. The 
yield is not a sequence of independent observations, but a biologically 
structured time series governed by plant physiology, phenology, envi-
ronmental exposure, and management practice. A typical production cy-
cle follows a recognisable lifecycle: output begins at zero prior to harvest 
onset, increases progressively as plants enter peak fruiting, and even-
tually declines to zero as the season concludes. This rise–peak–decline 
behaviour is shaped by cultivar characteristics, planting density, accu-
mulated temperature and humidity exposure, and field-level operational 
decisions. Consequently, daily yield must be understood as the result 
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of accumulated biological processes rather than as an isolated daily 
outcome. Without careful temporal alignment, environmental variables 
recorded on the day of harvest or even after harvest events can some-
times be used as predictors. Such errors may lead to information leak-
age and artificially inflate the reported model performance. Similarly, if 
zero-yield periods occurring before the start and after the end of harvest 
are removed or aggregated, this will eliminate biologically meaningful 
seasonal boundaries and encourage models to learn an incomplete pro-
duction lifecycle. A realistic forecasting framework must therefore sat-
isfy three conditions. First, it must preserve the natural lifecycle struc-
ture of the crop, including genuine zero-yield periods. Second, it must 
ensure strict temporal alignment between environmental features and 
yields based on historical records for prediction. Third, it must evaluate 
model performance under validation schemes that reflect operational 
deployment, particularly forecasting into unseen future seasons rather 
than interpolating within the same season.

Another practical challenge concerns data availability. In commer-
cial horticulture, reliable daily yield records and associated environ-
mental data are often available for only a few years. Models trained on 
such limited temporal diversity may overfit to season-specific patterns 
and fail to generalise. As additional seasons accumulate, interannual 
variability in weather, planting density, and management practices in-
troduces richer learning signals but also greater complexity. This study 
addresses these issues through the development and evaluation of a bio-
logically grounded, leakage-aware framework for daily strawberry yield 
forecasting using real field-level data spanning six consecutive produc-
tion years (2020–2025). The modelling pipeline integrates daily yield 
observations with environmental measurements using lag-based yield 
features to capture short-, medium-, and long-term production memory. 
Rolling environmental indicators are used to represent accumulated ex-
posure to temperature and humidity, reflecting physiologically relevant 
growth drivers. All genuine zero-yield periods are retained, preserving 
the natural onset and termination of harvest cycles rather than imposing 
some notional and potentially untrue view of continuous production. 
Fig. 1 shows strawberry plants observed during an on-site visit to the 
partner commercial Farms.

The novelty of this study lies in the combination of these elements 
within a single commercial forecasting framework. In contrast to previ-
ous strawberry yield studies that have largely focused on big horticul-
ture datasets, this study investigates whether a tabular foundation model 
can provide useful inductive bias for a small, seasonal, operational hor-
ticultural dataset when compared with conventional machine-learning, 
boosting, and neural approaches.

The contributions of this work are fourfold. First, it establishes a 
lifecycle-aware data preparation strategy that maintains biological plau-
sibility while avoiding information leakage. Second, it demonstrates the 
value of biologically motivated lag features in capturing production 
memory and improving predictive stability. Third, it provides a forward-
year evaluation of multiple modelling paradigms on daily strawberry 
yield data, highlighting the practical strengths and limitations of each 
approach. Fourth, it presents evidence that multi-year temporal diver-
sity substantially enhances model generalisation under realistic forecast-
ing conditions. The remainder of this paper is organised as follows. Sec-
tion 2 reviews the existing literature. Section 3 describes the dataset and 
preprocessing procedures. Section 4 details the modelling approaches 
and validation design. Section 5 presents empirical results, including 
forward-year performance analysis. Sections 6 and 7 discuss implica-
tions for agricultural forecasting and directions for future research.

2.  Related work

Strawberry yield prediction has a longer history than many mod-
ern precision-horticulture applications because the crop’s commercial 
value makes even small improvements in planning accuracy economi-
cally meaningful. Early empirical work focused on relating weather and 
phenology to yield at seasonal horizons. Døving and Måge proposed 

Fig. 1. Strawberry plants during a farm visit to commercial farms.

yield prediction approaches for strawberry production in Norway, shows 
the long-standing use of climatic and seasonal signals for anticipating 
harvest volumes [6]. Pathak et al. developed a meteorology-based yield 
forecasting approach for strawberries, demonstrating that correlations 
between meteorological variables and yield can support lead-time pre-
diction [7]. Maskey et al. extended this line of work by evaluating sta-
tistical baselines alongside machine learning models (including Random 
Forests and neural networks) for field-scale strawberry yield prediction 
using weather variables. They reported that ML methods can outperform 
principal component regression and emphasised that validation across 
fields and seasons remains essential [8]. Both works are directly relevant 
to farm deployment contexts, as they highlight two persistent realities: 
weather signals contain meaningful predictive information, yet perfor-
mance estimates are highly sensitive to how temporality, seasonality, 
and generalisation are handled. Sim et al. used greenhouse environ-
mental and plant growth data to predict strawberry yield, showing that 
regression models can make effective use of microclimate variables in 
soil-grown greenhouse systems [9]. In greenhouse settings, information 
about cultivar and growth stage often improves prediction performance. 
For example, Jo et al. showed that cultivar-specific growth models pro-
duce stronger agreement between predicted and observed yields than a 
single pooled model, supporting the view that cultivar identity and phe-

Smart Agricultural Technology 15 (2026) 102583 

2 



S. Ahmed and N.H. Caldwell

nology should be treated as meaningful factors rather than incidental 
covariates [10].

More recently, strawberry yield forecasting has increasingly incorpo-
rated imaging to capture crop states such as flower counts, fruit counts, 
and phenological stages that cannot be reliably inferred from weather 
data alone. Liu et al. developed a visual-specific strawberry yield fore-
casting system that predicts next-week yield by combining machine-
vision–based fruit monitoring with environmental data, demonstrating 
that multi-modal inputs can improve short-horizon operational forecast-
ing for indeterminate, repeatedly harvested crops [11]. Similarly, Yang 
et al. proposed a knowledge-guided computer-vision framework (KGCV-
strawberry) that assimilates sequential observations to improve fruit 
growth and yield prediction in greenhouse settings, reporting improved 
prediction accuracy as observation sequences lengthen [12]. Yoon et 
al. [13] explored yield prediction using image-based receptacle detec-
tion, arguing that receptacle signals are directly related to the eventual 
formation of fruit and can support yield estimation when detection un-
certainty.

IoT-based sensing has enabled higher frequency measurement of mi-
croclimate conditions and has encouraged the use of nonparametric 
and ML approaches that exploit short-term environmental fluctuations. 
Yamazaki et al. proposed a strawberry yield prediction scheme using 
data from general-purpose IoT nodes and demonstrated improved accu-
racy when incorporating differenced (change-based) features into non-
parametric regression models, particularly generalised additive models 
[14]. However, even IoT-focused strawberry studies frequently report 
a practical limitation: sensor histories are short, and data completeness 
varies across seasons and farms. One response is the synthetic augmen-
tation of sensor histories rather than yield values. Ayall et al. proposed 
a backcasting approach that generates synthetic IoT sensor data to ex-
tend limited on-farm histories and improve strawberry yield forecasting 
when real and generated signals are combined [15]. The work indicates 
that the farms often have incomplete temporal coverage, so forecasting 
pipelines must explicitly accommodate discontinuities, seasonal gaps, 
and sparse multi-year records rather than assuming long, stationary time 
series.

A core challenge in farm-scale strawberry forecasting is that the ef-
fective sample size is constrained by the number of harvest days and 
seasons, and the resulting time series contains genuine structural zeros 
at season boundaries. Under these conditions, high-capacity sequence 
models can be unstable, while conventional tabular models may over-
fit if evaluation procedures permit information leakage. Bergmeir et al. 
analysed when cross-validation is valid for autoregressive forecasting 
and clarified why naïve cross-validation choices can yield biased perfor-
mance estimates [16]. Cerqueira et al. compared multiple strategies for 
estimating forecasting performance and showed that the most reliable 
approach can vary under non-stationarity and temporal dependence 
[17]. Roberts et al. argued for blocked or structured cross-validation 
when data are temporally or spatially correlated, highlighting that ran-
dom splitting can substantially overstate generalisation performance 
[18]. These concerns are highly relevant to strawberry yield data, as 
strong seasonality and within-season autocorrelation make it easy to 
introduce information leakage through random train test splits or im-
properly aligned weather variables. Table 1 shows that, while straw-
berry yield forecasting has been explored across field, greenhouse, and 
IoT-enabled environments, our study explicitly targets multi-year farm 
datasets with strict forward-season evaluation.

3.  Dataset

3.1.  Project scope

This work was undertaken within the Agri-KG project, an industry-
led research and development initiative supported through Innovate UK 
collaborative R&D funding. The project context is explicitly deployment-
oriented: the objective is to develop a practical forecasting capability 

Fig. 2. Operational data sources used to construct the 2020–2025 strawberry 
forecasting dataset.

that can be integrated into farm decision-making workflows (e.g., har-
vest planning) and, in the longer term, into an AI-enabled agricultural 
knowledge infrastructure. In this setting, methodological choices are 
driven not only by prediction but also by operational constraints typical 
of commercial horticulture, including short historical records, discon-
tinuous seasonal production, missing sensor observations, and evolving 
field management practices. The dataset used in this study originates 
from a partner farm, a commercial soft-fruit producer in the United King-
dom, and reflects real operational conditions rather than controlled tri-
als. The data were not collected solely for research purposes; they also 
consist of routine production records and sensor exports used in day-
to-day farm management. Consequently, the dataset exhibits practical 
challenges that determine the industrial viability of forecasting meth-
ods, including zero-yield periods at season boundaries and interannual 
variability driven by environmental data.

3.2.  Data sources

The modelling dataset was constructed by integrating three primary 
data sources , shown in Fig. 2:
(i) Weekly forecast dataset A weekly planning dataset provides field- 

and variety-level attributes in wide format. The columns include 
identifiers
• Field_Name: Farm field/block identifier used in planning 
records.

• Variety: Strawberry cultivar/variety grown in the field.
• Area_ha: Cultivated area of the field in hectares.
• Plants: Number of plants in the field (planting density proxy).
• Kg/plant: Productivity metric (yield per plant; derived from to-
tals).

• Kg/m2: Productivity metric (yield per square metre; derived from 
totals/area).

• Kg/Ha: Productivity metric (yield per hectare; derived from to-
tals/area).
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Table 1 
Comparison of representative strawberry yield forecasting studies and evaluation protocols.
Study  Setting  Forecast Horizon Input Signals Dataset Duration Validation Strategy Reported Limitation
Døving & Måge 
(2001) [6]

 Field  Seasonal Climate variables Holdout / empirical 
evaluation

Coarse aggregation; 
limited ML methods

Pathak et al. 
(2016) [7]

 Field  Seasonal / Lead-time Meteorological 
variables

Train–test split Weather-only 
features; limited 
cross-season 
validation

Maskey et al. 
(2019) [8]

 Field-scale  Seasonal Weather indices + 
ML

Random and holdout 
splits

Limited temporal 
diversity; risk of 
optimistic splits

Sim et al. (2020) 
[9]

 Greenhouse  Within-season Environmental + 
growth data

Single experiment 
period

Within-dataset 
validation

Controlled setting; 
limited inter-annual 
variability

Jo et al. (2022) 
[10]

 Tunnel greenhouse  Seasonal Cultivar-specific 
growth variables

Short experimental 
window

Train–test split Strong cultivar 
dependency; limited 
seasons

Liu et al. (2025) 
[11]

 Greenhouse  Next-week Vision + 
environmental data

Multiple waves 
within season

Standard holdout Requires imaging 
hardware; 
short-horizon focus

Yang et al. 
(2024) [12]

 Greenhouse  Short-term Knowledge-guided 
vision + climate

Sequential 
observations

Train–test split Primarily controlled 
environment; limited 
long-term 
generalisation

Yamazaki et al. 
(2025) [14]

 IoT-enabled field  Short-term IoT climate nodes Limited sensor 
history

Holdout Sparse historical 
depth; small dataset 
approach

Sugiyama et al. 
(2025) [19]

 Mechanistic simulation  Seasonal Physiological DM 
partition model

Experimental 
calibration data

Simulation 
validation

Parameter-sensitive; 
not data-driven ML

This Study  Field-scale (commercial farm)  Daily Yield lags + rolling 
weather + field 
attributes

Six consecutive 
seasons (2020–2025)

Forward-year 
validation (2025 
unseen) + 
leakage-aware 
design

Targets small 
multi-year approach 
with strict temporal 
alignment

• Kg/field: Total yield for the field (seasonal aggregate).
• EstvsActual: Operational comparison indicator between esti-
mated and actual totals.

• Totals_Check: Consistency/check column used in planning 
spreadsheets.

• 25-Feb, 03-Mar, …, 01-Dec: Week-indexed seasonal columns 
recording weekly planned/estimated/recorded yield values 
(wide format).

• %_picked: Proportion of expected crop already harvested/picked 
(progress indicator).
Only Plants is merged into the modelling dataset as a causally 

meaningful agronomic predictor. Aggregate productivity indicators 
and season-total columns (e.g., Kg/field, Kg/Ha) are excluded from 
predictive features to avoid target leakage.

(ii) Daily forecast dataset. The daily forecasting table records produc-
tion outcomes and operational forecasts at daily resolution with the 
following columns:
• Product: Crop category (used to filter strawberries where appli-
cable).

• Variety: Strawberry cultivar/variety.
• Field_No: Numeric field/block identifier used in daily produc-
tion logs.

• Week_Start_Date: Start date of the corresponding production 
week (weekly anchor).

• Weekday: Day-of-week label for operational reporting.
• Date: Calendar date of the daily record.
• Forecast_1600: Farm operational yield forecast recorded at 
16:00 (day before harvest).

• Forecast_0830: Farm operational yield forecast recorded at 
08:30 (same day of harvest).

• Actual_Daily_Yield: Actual harvested yield for that day (target 
variable, kg).

Actual_Daily_Yield is the supervised learning target.
Forecast_0830 and Forecast_1600 are retained as operational 
baselines and may optionally be used as predictors only when the 
research question concerns forecast refinement.

(iii) Environmental sensor measurements (SMS platform). En-
vironmental measurements were obtained from on-farm sen-
sors accessed via the SoilMoistureSense platform (https://www.
soilmoisturesense.com) deployed at the partner farms. The on-farm 
sensor exports available for this research provide temperature and 
relative humidity summaries at daily resolution. Other agronomi-
cally relevant drivers, such as rainfall, precipitation and solar radia-
tion/daylight exposure were not available in the operational dataset 
and therefore could not be included as predictors.
• Serial No.: Unique identifier of the IoT sensor/station.
• Label: Human-readable sensor/station label.
• Local Date: Local calendar date of the sensor record.
• Local Time: Local time of the sensor record.
• Max Temp1: Maximum temperature from sensor channel Temp1 
over the reporting period.

• Min Temp1: Minimum temperature from sensor channel Temp1 
over the reporting period.

• Ave Temp1: Average temperature from sensor channel Temp1 
over the reporting period.

• Max Temp2: Maximum temperature from sensor channel Temp2 
over the reporting period.

• Min Temp2: Minimum temperature from sensor channel Temp2 
over the reporting period.

• Ave Temp2: Average temperature from sensor channel Temp2 
over the reporting period.

• Max RH: Maximum relative humidity over the reporting period.
• Min RH: Minimum relative humidity over the reporting period.
• Ave RH: Average relative humidity over the reporting period.
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Sensor measurements are aggregated/aligned to daily resolution 
and merged by date with the yield records. Environmental predic-
tors are temporally aligned to prevent leakage (i.e., ensuring that 
only biologically plausible pre-harvest information is used for fore-
casting).

4.  Methodology

The forecasting dataset was gathered from operational farm records 
covering six production years (2020–2025). Three data sources were 
integrated to form the modelling dataset: weekly forecasting spread-
sheets, daily forecast records, and environmental sensor exports from 
the SoilMoistureSense platform. Each source differed in format and tem-
poral resolution and therefore required restructuring prior to merging. 
The weekly data were provided as six annual spreadsheets in wide for-
mat. These files contained field identifiers, agronomic descriptors, and 
week-indexed seasonal projections. From these spreadsheets, only the 
plant count variable was extracted and merged into the daily dataset. 
Daily forecast data consisted of 189 individual files covering the full 
study period. These files contain realised daily yield together with op-
erational forecasts recorded at 08:30 and 16:00. All files were consol-
idated into a unified long-format dataset. Date formats were standard-
ised, and field and variety identifiers were harmonised to ensure con-
sistency across years. Environmental measurements were recorded at 
sub-daily frequency and included temperature and relative humidity ob-
servations with timestamps. These data were aggregated to daily sum-
maries, including maximum, minimum, and average values. Aggrega-
tion was performed strictly within calendar-day boundaries to ensure 
temporal consistency with daily production records. Strawberry produc-
tion is seasonal and follows a defined biological cycle within each year. 
Yield increases after harvest onset, reaches a peak phase, and declines to 
zero at the end of the season. Zero-yield periods before and after harvest 
were retained, as they reflect real production boundaries. The dataset 
therefore, consists of repeated seasonal trajectories indexed by field, va-
riety, and year rather than a single continuous time series. This structure 
informed the choice of a regression-based modelling approach with tem-
porally informed features. Fig. 3 illustrates the general workflow of the 
methodology.

4.1.  Data preprocessing

To ensure consistent representation of seasonal boundaries, a fixed 
number of seven zero-yield days were appended at the beginning and 
end of each harvest cycle where appropriate. These padded observa-
tions represent biologically plausible pre-harvest and post-harvest peri-
ods rather than artificial mid-season gaps. The dataset contained 2280 
daily observations without boundary padding. After inclusion of padded 
zero-yield days, the total number of records increased to 3,540. This aug-
mentation was applied solely to reinforce season onset and termination 
signals and to improve model stability in learning harvest boundaries. 
No artificial values were introduced within active harvest periods. Nu-
meric fields were cleaned to remove non-numeric characters and stan-
dardise data types. Missing environmental values were imputed using 
median statistics to prevent unnecessary loss of daily observations while 
maintaining robustness against extreme values. Sensor readings were in-
spected for implausible outliers using distributional checks and removed 
where clearly inconsistent with expected operating ranges.

Plant count was not recorded in the daily forecasting files and was 
instead obtained from the farm’s annual weekly planning spreadsheets, 
where plant numbers are maintained as part of routine commercial 
reporting. Plant count was treated as a static field-level attribute and 
mapped deterministically onto daily records via the common field iden-
tifier. In addition to pre- and post-harvest zero-yield boundaries, the 
dataset contains genuine in-season zero-yield observations reflecting 
operational resting periods and differing spring versus autumn cycle 

Table 2 
Annual composition of the final modelling dataset.
 Year  Observations  Production locations  Location–variety combinations
 2020  569  15  15
 2021  608  14  18
 2022  768  13  19
 2023  556  11  15
 2024  460  10  11
 2025  579  11  12
 Total  3,540  –  90

lengths across years. These zeros were retained and treated as valid pro-
duction outcomes rather than missing values, that the modelling task 
reflects both the magnitude and timing structure of commercial harvest 
dynamics.

The annual composition of the final modelling dataset is summarised 
in Table 2, which reports the number of observations, production loca-
tions, and location–variety combinations for each year from 2020 to 
2025.

4.2.  Feature engineering

Throughout preprocessing, strict temporal and causal validity was 
maintained. Variables derived from realised seasonal outcomes, such as 
yield per hectare, percentage picked, and seasonal totals, were excluded 
from the feature set to prevent indirect encoding of the target variable. 
Environmental measurements were aligned strictly by calendar date, 
ensuring that no information from future timestamps entered the fore-
casting pipeline. Feature engineering was designed to capture biological 
production memory and environmental influence. Yield persistence was 
represented using rolling averages of prior yield over lag windows of 1, 
3, 7, 14, and 21 days. These features reflect short-term harvest momen-
tum and medium-term fruit development cycles [20]. Strawberry yield 
exhibits strong temporal dependence driven by biological growth cycles. 
To capture this behaviour, lagged rolling mean features are computed 
for yield at multiple temporal horizons within each field–variety com-
bination. Short-term lags (e.g., 1 day) capture immediate momentum, 
weekly lags (7 days) represent short growth cycles, and longer lags (14 
and 21 days) reflect early-season and cumulative growth trends. These 
features enable the model to learn whether production is increasing, 
stabilising, or declining, providing substantial predictive power in a bi-
ologically realistic manner. Plant response is governed not only by daily 
weather conditions but also by accumulated environmental exposure. 
Accordingly, rolling window features are derived to capture short- and 
medium-term environmental stress, including 7-day rolling temperature 
averages, 14-day rolling humidity conditions. These features model the 
cumulative effects of heat and moisture, improving the model’s ability 
to anticipate yield spikes, plateaus, and drops. Temporal feature gener-
ation may be reproduced by following these steps.
1. Sort records by FIELD_KEY, Variety, and Date.
2. Shift realised yield by one observation before constructing historical-
yield features.

3. Calculate 1-, 3-, 7-, 14-, and 21-observation moving-average yield 
features.

4. Calculate 7- and 14-observation rolling averages of average temper-
ature and relative humidity.

5. Construct the predictor matrix(X) and Actual_Daily_Yield tar-
get(y).

4.3.  Experimental setup

All experiments were implemented in Python using scikit-learn, XG-
Boost, LightGBM, CatBoost, PyTorch, and TabPFN. Where applicable, 
models were executed on GPU hardware to provide consistent computa-
tional comparison across frameworks. A unified preprocessing pipeline 
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Fig. 3. Overall workflow for data integration, preprocessing, model development, and performance evaluation.

Table 3 
Model configurations used in the comparative evaluation.
 Model Experimental configuration
 Ridge 𝛼 = 1.0; one-hot encoding and numerical standardisation.
 KNN 𝑘 = 8 neighbours; one-hot encoding and numerical standardisation.
 SVR-RBF RBF kernel; 𝐶 = 10; one-hot encoding and numerical standardisation.
 Random Forest 300 estimators; random_state=42;
 Extra Trees 300 estimators; random_state=42;
 HistGradientBoosting Maximum depth = 8; random_state=42;
 XGBoost 400 estimators; histogram tree method; CUDA execution; random_state=42; pre-transformed feature matrix.
 LightGBM 400 estimators; GPU execution; random_state=42; pre-transformed feature matrix.
 CatBoost 400 iterations; GPU execution; random_state=42; pre-transformed feature matrix.
 MLP 128–64–1 architecture; ReLU activation; Adam optimiser; learning rate 10−3; MSE loss; 150 epochs; CUDA execution.
 TinyLSTM Single LSTM layer with hidden size 32 followed by a linear output layer; Adam optimiser; learning rate 10−3; MSE loss; 150 epochs; CUDA execution.
 TinyTCN Two Conv1D layers with 32 and 16 channels, respectively; kernel size = 2; ReLU activation; global averaging; Adam optimiser; learning rate 10−3; 

MSE loss; 150 epochs; CUDA execution.
 TabPFN TabPFNRegressor(device="cuda"); TabPFN v6.0.5; constructor parameters retained the defaults of version 6.0.5.

was applied across all models. Categorical variables were encoded using 
one-hot encoding with unknown categories ignored at inference time.

The categorical encoding and numerical standardisation transforma-
tions were fitted using the corresponding training partition within each 
evaluation approach and subsequently applied unchanged to the asso-
ciated test data.

The exact configurations used in the experiments are summarised in 
Table 3. Variety was the categorical predictor and was transformed 
using OneHotEncoder; numerical predictors were standardised using

StandardScaler. NumPy and PyTorch random seeds were fixed at 42, 
with random_state=42 specified where supported.

Dedicated Transformer-based and other high-capacity time-series ar-
chitectures were not included because the available data comprise only 
six production seasons with relatively short and discontinuous field–
variety trajectories. Although such architectures can be applied to agri-
cultural forecasting, their substantially greater data and sequence re-
quirements would increase the risk of overfitting and unstable estima-
tion in the present limited-data setting [21]. Temporal dependence was 

Smart Agricultural Technology 15 (2026) 102583 

6 



S. Ahmed and N.H. Caldwell

Fig. 4. Overview of the TabPFN framework for pretrained tabular prediction [22].

therefore represented through biologically motivated lag and rolling-
window features and evaluated using compact neural baselines along-
side conventional machine-learning and tabular foundation-model ap-
proaches.

Neural models were trained for 150 epochs using the Adam opti-
miser (learning rate 10−3) and mean squared error loss. The Multi-layer 
Perceptron consisted of two hidden layers (128 and 64 units) with ReLU 
activation. The LSTM model used a single recurrent layer (hidden size 
= 32), and the Temporal Convolutional Network used two convolu-
tional layers followed by global averaging. Neural computations were 
performed on GPU where available. For GPU gradient boosting models, 
histogram-based tree methods were used with 400 estimators and fixed 
random states. Classical tree ensembles used 300 estimators. Hyperpa-
rameters were selected using stable default configurations rather than 
aggressive tuning to evaluate robustness under limited data conditions. 
TabPFN was trained using the same preprocessing pipeline and executed 
on GPU (Fig. 4).

4.4.  Feature importance evaluation

Feature importance was evaluated using a permutation-based ap-
proach. Permutation importance is a model-agnostic method that mea-
sures the contribution of each input variable by quantifying the degrada-
tion in predictive performance when the values of that feature are ran-
domly permuted. The intuition behind this method is that if a feature 
contains important predictive information, shuffling its values breaks 
the relationship between that feature and the target variable, result-
ing in a measurable increase in prediction error. The analysis was con-
ducted using the trained forecasting pipeline, which includes both pre-
processing operations and the predictive model. Categorical variables 
were encoded using one-hot encoding, and numerical variables were 
standardised through z-score normalisation within the preprocessing 
stage. Permutation importance was then computed directly on the com-
plete pipeline to ensure that the perturbation of input variables occurred 
before preprocessing, thereby preserving consistency with the original 
model input structure.

Feature importance was evaluated using the unseen test dataset cor-
responding to the 2025 production season, which served as the forward-
year validation set in the primary experimental design. For each fea-
ture, the values in the test set were randomly permuted while all other 

variables remained unchanged. The model was then used to generate 
predictions, and the resulting change in prediction error was recorded. 
This process was repeated multiple times (n=10) for each feature to 
reduce the influence of random fluctuations. MAE was used as the per-
formance metric when evaluating permutation importance. The impor-
tance score for each feature was defined as the average increase in MAE 
observed after permuting that feature. Larger increases in MAE indicate 
that the model relies more strongly on the corresponding variable for ac-
curate prediction. This procedure provides an interpretable ranking of 
predictors and enables examination of whether the forecasting model is 
driven by variables consistent with biological and environmental drivers 
of strawberry production.

4.5.  Evaluation metrics

Model performance was assessed using mean absolute error (MAE), 
root mean squared error (RMSE), and the coefficient of determination 
(𝑅2). Let 𝑦𝑖 denote the observed daily yield for observation 𝑖, 𝑦̂𝑖 the cor-
responding predicted yield, 𝑦̄ the mean observed yield in the evaluation 
set, and 𝑛 the number of observations.

4.5.1.  Mean absolute error (MAE)
MAE measures the mean absolute magnitude of the prediction errors:

MAE = 1
𝑛

𝑛
∑

𝑖=1

|

|

𝑦𝑖 − 𝑦̂𝑖||. (1)

MAE is expressed in the same units as the target variable, with lower 
values indicating better predictive performance.

4.5.2.  Root mean squared error (RMSE)
RMSE is the square root of the mean squared prediction error:

RMSE =

√

√

√

√

1
𝑛

𝑛
∑

𝑖=1

(

𝑦𝑖 − 𝑦̂𝑖
)2. (2)

RMSE is expressed in the same units as the target variable. Because pre-
diction errors are squared before averaging, RMSE gives greater weight 
to larger errors than MAE and therefore provides a complementary mea-
sure of predictive performance.
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Fig. 5. Baseline 𝑅2 comparison under random 80/20 splitting. TabPFN achieves the highest 𝑅2, followed by tree-based and boosting models, while neural baselines 
exhibit markedly lower explanatory power.

Fig. 6. Forward-year MAE comparison (Train 2020–2024, test 2025). TabPFN remains best overall; robust tree ensembles (Random Forest, HistGBR, Extra Trees) 
are competitive; neural sequence baselines perform poorly in this limited-data setting.

4.5.3.  Coefficient of determination (𝑅2)
The coefficient of determination is calculated as:

𝑅2 = 1 −
∑𝑛

𝑖=1
(

𝑦𝑖 − 𝑦̂𝑖
)2

∑𝑛
𝑖=1

(

𝑦𝑖 − 𝑦̄
)2

. (3)

𝑅2 is dimensionless and measures predictive performance relative to a 
constant predictor equal to the mean observed yield in the evaluation 
set. A value of 𝑅2 = 1 indicates perfect predictions, 𝑅2 = 0 indicates the 
same sum-of-squares performance as the mean-yield reference, and 𝑅2 <
0 indicates poorer performance than that reference.

These three metrics provide complementary information for opera-
tional forecasting. MAE represents the average absolute difference be-
tween the predicted and actual harvested yield and therefore gives a 
direct indication of the expected daily forecasting error in kilograms. 
RMSE gives greater weight to larger prediction errors and is partic-

ularly informative when substantial errors occur during high-yield or 
peak-harvest periods. 𝑅2 provides a dimensionless measure of how well 
the predictions perform relative to using the mean observed yield as a 
reference.

4.6.  Validation design

Three evaluation approaches were implemented.

4.6.1.  80/20 Random split
First, an 80% / 20% random train–test split was used as a baseline 

comparison. The dataset was randomly partitioned with shuffling en-
abled and fixed random state (42) to ensure reproducibility. This con-
ventional split provides a reference benchmark for model behaviour un-
der standard machine learning practice.
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Fig. 7. TabPFN MAE and RMSE under increasing validation strictness.

Fig. 8. TabPFN (𝑅2) under increasing validation strictness.

4.6.2.  Leave-one-out cross-validation
To assess model stability under extreme data scarcity, Leave-One-

Out Cross-Validation (LOOCV) was performed using the full modelling 
dataset. Under this approach, each observation is used once as a test 
sample while all remaining observations serve as the training set. This 
procedure results in 𝑁 training-evaluation cycles for a dataset contain-
ing 𝑁 observations, providing an exhaustive internal resampling esti-
mate without reliance on a single arbitrary train-test split. LOOCV was 
implemented using scikit-learn’s LeaveOneOut iterator. For each itera-
tion, the preprocessing pipeline (one-hot encoding for categorical vari-
ables and standardisation for numerical variables) was fitted exclusively 
on the training subset to prevent leakage.

4.6.3.  Forward-year validation (2020–2024 → 2025)
While LOOCV provides a comprehensive internal validation esti-

mate, it does not replicate operational deployment conditions where 
models must generalise to future seasons. Therefore, a forward-year val-
idation protocol was adopted as the primary evaluation strategy. Under 
this approach, all observations from production years 2020–2024 were 
used for training, and the entire 2025 season was reserved as an un-
seen test set. This approach prevents temporal leakage and ensures that 
the model is evaluated on a season characterised by potentially differ-
ent weather patterns, management decisions, and production dynamics. 
The same preprocessing pipeline was fitted on the training years and ap-
plied unchanged to the 2025 test data. Models were trained once on the 
historical data and evaluated directly on the future season.

5.  Results

This section reports forecasting performance under three validation 
approaches of increasing operational realism: (i) a conventional random 
80/20 split (baseline), (ii) Leave-One-Out Cross-Validation (LOOCV) 
for exhaustive internal validation, and (iii) forward-year evaluation in 
which models are trained on 2020–2024 and tested on the unseen 2025 
season.

5.1.  Random 80/20 split

This is a standard check of predictive ability when train and test 
may share similar seasonal segments. It often appears strong because 
the model sees mixed conditions during training. Table 4 summarises 
the baseline results under a random 80/20 split. Under this conven-
tional evaluation approach, the tabular foundation model (TabPFN) 
achieved the lowest error (MAE = 340.18, RMSE = 742.32, 𝑅2 = 0.733). 
Among classical machine learning baselines, GPU-accelerated gradient 
boosting methods were consistently strong: LightGBM provided the best 
MAE among non-TabPFN models (MAE = 416.49), closely followed by 
XGBoost (MAE = 418.08) and Extra Trees (MAE = 420.40). Histogram 
Gradient Boosting achieved a similar MAE (MAE = 423.48) while be-
ing computationally efficient. The neural baselines were comparatively 
weak in this approach. The MLP exhibited substantially higher er-
ror (MAE = 738.21) and near-zero variance explanation (𝑅2 ≈ 0.055), 
while the sequence-style baselines (TinyTCN and TinyLSTM) produced
negative 𝑅2, indicating performance worse than a constant mean pre-
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Fig. 9. Actual versus predicted daily yield for the TabPFN model under LOOCV 
evaluation. The red line indicates perfect prediction. (For interpretation of the 
references to color in this figure legend, the reader is referred to the web version 
of this article.)

Table 4 
Baseline benchmarking results under random 80/20 split. Lower 
MAE/RMSE and higher 𝑅2 indicate better performance. Runtime is 
reported where available from the benchmarking script.
 Model  MAE  RMSE 𝑅2  Runtime (s)
 LightGBM_GPU  416.49  827.04  0.6688  1.13
 XGBoost_GPU  418.08  858.31  0.6433  0.77
 ExtraTrees  420.40  873.40  0.6306  3.82
 CatBoost_GPU  420.59  827.77  0.6682  0.85
 HistGBR  423.48  823.60  0.6716  0.27
 RandomForest  442.46  919.68  0.5905  10.50
 KNN  462.55  930.77  0.5805  0.02
 Ridge  538.60  963.11  0.5509  0.02
 SVR_RBF  622.62  1244.37  0.2502  0.53
 PyTorch_MLP_GPU  738.21  1397.34  0.0546  0.24
 TinyTCN_GPU  891.01  1661.45 -0.3366  0.97
 TinyLSTM_GPU  912.22  1700.59 -0.4003  0.60
 TabPFN  340.18  742.32  0.733  0.61

dictor. In practical terms, these outcomes are consistent with a limited-
data (2020–2025) approach, where the inductive biases of tree-based 
learners and tabular foundation models are more consistent than those 
of DL models. Fig. 5 reports baseline 𝑅2 values under random 80/20
splitting.

5.2.  Zero-padding ablation and sensitivity analysis

Following the baseline comparison in Section 5.1, TabPFN was held 
constant to examine the effect of harvest-cycle boundary padding inde-
pendently of model choice. To assess whether predictive performance 
was sensitive to the originally adopted seven-day zero-padding inter-
val, four configurations were evaluated: no padding (0 days), 3-day 
padding, the original 7-day padding, and 14-day padding. The corre-
sponding datasets contained 2,280, 2,820, 3,540, and 4800 records, re-
spectively.

All other elements of the experimental pipeline, including feature 
construction, preprocessing, model configuration, randomisation con-
trols, validation procedure, and performance metrics, were kept un-
changed across the four configurations. Performance was evaluated 
using MAE, RMSE, and 𝑅2. Because increasing the padding interval 

changes both the number of observations and the target distribution, 
MAE, RMSE, and 𝑅2 were interpreted jointly rather than relying on any 
single metric in isolation.

Sensitivity of TabPFN performance to zero-padding length.

Padding  Records
Added
records  MAE  RMSE 𝑅2

0 days  2280  0  610.90  1,089.22  0.486
3 days  2820  540  446.99  815.14  0.673
7 days  3540  1260  340.18  742.32  0.733
14 days  4800  2520  282.58  712.96  0.646

Performance improved substantially when padding was introduced. 
Compared with no padding, the 3-day and 7-day configurations progres-
sively reduced MAE and RMSE and increased 𝑅2. The original 7-day 
configuration achieved the highest 𝑅2 (0.733), together with substan-
tially lower MAE (340.18) and RMSE (742.32) than the unpadded and 
3-day configurations.

Extending the padding interval to 14 days further reduced MAE and 
RMSE to 282.58 and 712.96, respectively; however, 𝑅2 decreased to 
0.646. Therefore, increasing the amount of padding did not produce a 
consistent improvement across all evaluation metrics. Among the con-
figurations evaluated, the original 7-day padding provided the highest 
explained variance while retaining substantial improvements in abso-
lute prediction error.

5.3.  Leave-one-out cross-validation

To validate the baseline Random 80/20 split, models were eval-
uated using leave-one-out cross-validation (LOOCV). LOOCV repeat-
edly trains on all days except one and tests on the held-out day. Ta-
ble 5 reports LOOCV performance across all evaluated models. TabPFN 
achieved the lowest MAE (338.09) and highest 𝑅2 (0.709) among all 
evaluated models, substantially outperforming classical machine learn-
ing baselines. The margin of improvement over the strongest gradient 
boosting model (LightGBM_GPU, MAE = 400.79) is considerable, in-
dicating that the tabular foundation model exhibits superior inductive 
bias under repeated retraining in the limited-data approach. It is im-
portant to note that LOOCV did not yield a meaningful improvement in 
predictive performance for the TabPFN model. The dataset spans multi-
ple production seasons, providing sufficient temporal variability for the 
model to learn stable and generalisable relationships. Hence the model 
becomes less sensitive to individual observations, and the fine-grained 
resampling provided by LOOCV offers limited additional benefit. Tree-
based boosting methods (LightGBM, XGBoost, ExtraTrees, HistGBR, Cat-
Boost) constitute a clear second tier in performance, demonstrating sta-
ble non-linear modelling capabilities. In contrast, neural architectures 
trained from scratch (MLP, TCN, LSTM) exhibit negative 𝑅2, indicating 
predictive performance below a naïve mean baseline. This behaviour 
reflects the sensitivity of high-capacity sequence models to limited sea-
sonal depth and repeated retraining under small sample conditions.

5.4.  Temporal hold-out: train 2020–2024, test 2025

This validation represents the most realistic production scenario: 
training on historical seasons and predicting an unseen future season. 
The experiment trained models on data from 2020–2024 and evalu-
ated performance on the held-out 2025 season. Results are reported 
in Table 6. TabPFN achieved the strongest forward-year performance 
(MAE = 438.53, RMSE = 811.04, 𝑅2 = 0.696). Among classical baselines, 
tree-based ensemble methods performed well: Random Forest achieved 
the lowest MAE among non-TabPFN models (MAE = 469.57), followed 
closely by Histogram Gradient Boosting (MAE = 474.54) and Extra Trees 
(MAE = 488.32). GPU-based gradient boosting methods (CatBoost and 
LightGBM) remained competitive but did not outperform the best-
performing tree ensembles under this year-shift evaluation. Deep learn-
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Fig. 10. Multi-year comparison of actual and predicted yield across all seasons (2020–2025).

Table 5 
Leave-one-out cross-validation (LOOCV) performance across all 
evaluated models, ordered by increasing MAE (lower is better).
 Model  MAE  RMSE 𝐑𝟐  Runtime (s)
 LightGBM_GPU  400.79  792.55  0.659  3722.58
 XGBoost_GPU  403.62  822.31  0.633  1185.59
 ExtraTrees  404.63  821.38  0.633  15829.11
 HistGBR  415.11  820.10  0.634  943.02
 CatBoost_GPU  415.20  803.54  0.649  2971.21
 RandomForest  421.72  853.99  0.604  43924.65
 KNN  439.93  867.58  0.591  44.26
 Ridge  549.74  957.11  0.502  46.99
 SVR_RBF  586.71  1132.13  0.303  2261.32
 PyTorch_MLP_GPU  868.74  1602.78 −0.396  263.91
 TinyTCN_GPU  873.43  1612.67 −0.413  296.06
 TinyLSTM_GPU  873.65  1613.17 −0.414  465.22
 TabPFN  338.09  731.65  0.709  65825.26

Table 6 
Forward-year validation results (Train 2020–2024, test 2025). This 
is the primary deployment-relevant evaluation.
 Model  MAE  RMSE 𝑅2  Runtime (s)
 RandomForest  469.57  873.33  0.6475  9.99
 HistGBR  474.54  850.38  0.6657  0.31
 ExtraTrees  488.32  874.18  0.6468  3.65
 CatBoost_GPU  512.58  891.05  0.6330  0.86
 LightGBM_GPU  513.62  876.06  0.6452  0.91
 Ridge  546.41  897.58  0.6276  0.01
 XGBoost_GPU  575.97  1015.05  0.5238  0.89
 KNN  581.70  986.09  0.5505  0.02
 PyTorch_MLP_GPU  751.09  1301.83  0.2166  1.17
 SVR_RBF  786.45  1397.28  0.0975  0.52
 TinyTCN_GPU  1251.73  1901.31 −0.6709  0.43
 TinyLSTM_GPU  1308.69  1967.39 −0.7891  0.67
 TabPFN  438.53  811.04  0.696  0.60

ing baselines again showed limited generalisation. Although the multi-
layer perceptron (MLP) achieved a positive 𝑅2 (0.217), its absolute error 
was substantially higher than that of tree-based and foundation models. 
Sequence-based models (TinyLSTM and TinyTCN) produced negative 𝑅2

values and large errors, reinforcing the conclusion that training tempo-
ral neural networks from scratch is ineffective in this setting with limited 
data and discontinuous seasonal structure. Fig. 6 shows Forward-year 
validation results.

5.5.  Cross-approach comparison

TabPFN shows similar performance under random-split and LOOCV 
(MAE ≈ 340), while forward-year evaluation increases MAE to 438.53, 
reflecting the challenge of generalising to an unseen production year. 
In this approach, robust tree ensembles outperform GPU-based boosting 
methods, whereas deep learning baselines remain weak due to limited 
data and discontinuous seasonal structure. Figs. 7 and  8 further show 
that TabPFN’s errors increase and 𝑅2 decreases under forward-year val-
idation, indicating sensitivity to interannual temporal shift.

The relationship between actual and predicted yield is illustrated in 
Fig. 9. The model demonstrates a clear positive correlation, indicating 
that it successfully captures the underlying production dynamics. Pre-
dictions are relatively accurate within low to moderate yield ranges, 
where most observations are concentrated.

Despite this, the model exhibits a tendency to underestimate high-
yield events, as evidenced by the increasing deviation from the perfect-
fit line at higher yield values. This behaviour suggests that peak produc-
tion periods are more difficult to capture, likely due to limited environ-
mental variables and the absence of key drivers such as solar radiation 
and accumulated heat units. Likewise, the temporal prediction perfor-
mance of the TabPFN model is illustrated in Figs. 10 and  11. Across all 
seasons, the model successfully captures the general structure of straw-
berry production cycles, including the onset of harvesting, mid-season 
peaks, and late-season decline. The alignment between predicted and 
actual yield indicates that the model effectively learns underlying tem-
poral dynamics. Although, deviations are observed during high-yield 
periods, where the model tends to underestimate peak production. This 
behaviour is consistent across multiple seasons and suggests that ex-
treme yield events are more difficult to model, potentially due to the 
absence of key environmental drivers such as solar radiation and ac-
cumulated heat. Despite this limitation, the model demonstrates robust 
performance in tracking overall seasonal trends and variability.

5.6.  Feature importance results

Fig. 12 presents the resulting feature importance ranking based on 
the increase in MAE observed when each variable was randomly per-
muted. Features producing larger increases in MAE are interpreted 
as having greater influence on the predictive performance of the 
model. The results show that short-horizon yield memory features 
dominate the importance ranking. In particular, the most recent lag 
variables (Yield_lag1, Yield_lag3, Yield_lag7, Yield_lag14, and
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Fig. 11. Year-wise comparison of actual and predicted yield using TabPFN under LOOCV evaluation.
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Fig. 11. (Continued).

Yield_lag21) contribute strongly to the model predictions. This indi-
cates that daily strawberry production exhibits substantial temporal per-
sistence, where harvest volumes on a given day are strongly influenced 
by production levels observed in preceding days. Such behaviour reflects 
the biological nature of strawberry harvesting, where fruit maturation 

and harvesting typically occur across consecutive days rather than in 
isolated events. Environmental variables also play a measurable role in 
the forecasting process. Temperature and relative humidity variables ap-
pear among the important predictors, particularly through interaction 
terms such as Yield1_Temp and Yield1_RH. These features combine re-
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Fig. 12. Permutation-based feature importance for the TabPFN model evaluated on the 2025 test season. The bars represent the increase in mean absolute error 
when each feature is randomly permuted. Higher values indicate greater contribution to model performance.

cent production levels with current environmental conditions, allowing 
the model to capture how weather conditions influence fruit develop-
ment and harvesting dynamics. This suggests that environmental condi-
tions modulate production intensity rather than acting as independent 
drivers of yield.

6.  Discussion

This study demonstrates that credible daily strawberry yield fore-
casting is achievable under realistic commercial constraints, but that 
apparent performance is highly sensitive to evaluation design. Random 
train–test splits produce optimistic error estimates, while forward-year 
validation exposes the true difficulty of generalising across seasons. 
The observed increase in error under year-ahead testing is therefore 
not a weakness, but an indication that the evaluation protocol cap-
tures genuine interannual variation in weather, phenology, and man-
agement. As a result, forward-year evaluation provides the most reli-
able estimate of deployment performance in seasonal farm settings. In 
contrast, tree ensembles offer robust non-linear modelling with implicit 
regularisation, while TabPFN benefits from a pretrained tabular prior 
that performed effectively on the small commercial dataset examined 
here. Model behaviour under limited seasonal data highlights the im-
portance of inductive bias. Tree-based ensembles and the tabular foun-
dation model TabPFN consistently outperformed neural sequence mod-
els trained from scratch. This outcome is expected in small, discontinu-
ous time series where strong autocorrelation, structural zeros, and short 
histories limit the ability of high-capacity temporal models to learn sta-
ble representations. In contrast, tree ensembles offer robust non-linear 
modelling with implicit regularisation, while TabPFN benefits from pre-
trained tabular structure that transfers effectively to small agricultural
datasets.

While weekly plant count provides useful context as a static capacity 
indicator, it is not a direct proxy for fruit availability on a given day. 
Forecasting peak yield is likely to benefit from phenology-aware signals 
that track the developing fruit load, such as flower or truss counts. Prior 

work supports the mechanistic relevance of flowering as a yield precur-
sor because flowers directly precede fruit formation, and recent oper-
ational systems integrate phenological or visual crop-status signals for 
improved yield prediction. In practical terms, augmenting the current 
pipeline with routinely collected flowering/truss observations (manual 
or computer vision) is a plausible route to improving peak capture with-
out compromising temporal validity.

The dominance of short-horizon yield-history variables, particularly
Yield_lag1 and Yield_lag3, reflects the continuity of strawberry pro-
duction across neighbouring harvest days, where fruit development and 
ripening occur within overlapping production cohorts. The smaller con-
tribution of the longer 7-, 14-, and 21-day yield-history features suggests 
that broader crop-cycle position remains informative, although recent 
production state is considerably more influential for daily forecasting. 
The strong importance of Yield1_Temp further indicates that environ-
mental conditions interact with the current production state of the crop. 
Temperature is an established regulator of strawberry flowering, plant 
development, and post-bloom fruit growth, with responses also interact-
ing with photoperiod [23,24]. Relative humidity forms part of the crop 
microclimate together with temperature, soil moisture, and radiation, 
and these conditions have been shown to influence strawberry fruiting 
and phenological development [25]. Their interaction with recent yield 
may therefore help the model identify whether an established produc-
tion trajectory is likely to persist or change.

Importantly, these features respect temporal causality and avoid 
leakage, allowing models to generalise meaningfully to unseen seasons. 
Explaining a substantial fraction of yield variance under forward-year 
validation indicates that daily strawberry production contains learnable 
structure even under sparse data conditions.

A recurring error mode is under-prediction around peak harvest 
days. One plausible explanation is that the available feature set cap-
tures recent yield dynamics and accumulated temperature conditions, 
but does not fully represent several environmental and management fac-
tors that influence peak production. Solar radiation affects the energy 
available for crop growth, day length provides an important seasonal 
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and photoperiod signal, irrigation inputs influence crop water avail-
ability, and growing degree days (GDD), a cumulative measure of ther-
mal time typically calculated from daily temperature relative to a crop-
specific base temperature, provide an indicator of accumulated crop de-
velopment. These factors may be particularly important during rapid 
increases in production, when similar recent yield, temperature, and 
humidity conditions can still be associated with different peak-yield po-
tential. Their absence may therefore contribute to the observed under-
estimation at high production levels, although their individual effects 
cannot be quantified from the present dataset.

Several limitations should be noted. Although the dataset spans six 
consecutive production seasons and includes multiple strawberry cul-
tivars grown in both polytunnel and glasshouse environments, all ob-
servations originate from a single commercial farm. The present study 
therefore demonstrates temporal generalisation to an unseen season 
within the same commercial setting, rather than external generalisa-
tion across independent farms or geographical regions. The proposed 
forecasting pipeline, including causal feature construction, leakage-
aware preprocessing, conventional machine-learning models, TabPFN, 
and forward-year validation, can in principle be applied to other pro-
duction environments; however, the relationships learned by the fitted 
models should not be assumed to transfer unchanged. Differences in re-
gional climate and season timing, cultivar-specific phenology and pro-
ductivity, and production-system characteristics may alter the relation-
ship between historical yield, environmental conditions, and subsequent 
production. For example, closed hydroponic systems may be influenced 
more strongly by controlled irrigation, fertigation, and greenhouse cli-
mate management than traditional tunnel production. Application of the 
pipeline to such settings would therefore require independent external 
validation and, where necessary, local recalibration or retraining using 
data from the target production environment.

The forward-year evaluation implies exposure to inter-annual 
weather variability and operational shift, which can change the relation-
ship between temperature/humidity and yield. Because only a subset of 
environmental drivers was available, the models necessarily learn condi-
tional relationships under partial observability. This does not invalidate 
the results; rather, it clarifies the operational approach being targeted: 
forecasting with the sensors farms typically deploy. Expanding sensing 
to include radiation and precipitation proxies is expected to reduce un-
explained variance and improve responsiveness to rapid environmental 
changes.

Despite these limitations, the permutation importance analysis indi-
cates that the forecasting model relies primarily on variables that are 
consistent with known biological and environmental processes govern-
ing strawberry yield formation. This provides evidence that the model 
captures meaningful production dynamics rather than relying on spuri-
ous statistical relationships within the dataset.

7.  Conclusion and future work

This study examined daily strawberry yield forecasting under re-
alistic commercial farm conditions characterised by limited historical 
depth, discontinuous seasonal production, and heterogeneous opera-
tional data. A leakage-aware forecasting framework was developed that 
combines biologically informed yield lags, rolling environmental sum-
maries, and strict temporal validation. Model performance was evalu-
ated at daily resolution under progressively more rigorous protocols, 
culminating in forward-year generalisation from 2020–2024 to an un-
seen 2025 production season. The results show that meaningful and 
stable predictive performance is achievable despite these constraints. 
Under forward-year validation, which best reflects operational deploy-
ment, TabPFN achieved the strongest performance (MAE = 438.53, 𝑅2 =
0.696), outperforming classical machine-learning baselines. Tree-based 
ensemble models also generalised reliably, while neural sequence archi-
tectures trained from scratch performed poorly. These findings indicate 
that, in small-to-medium farm-scale datasets with seasonal discontinu-

ities, strong inductive bias and regularisation are more important than 
model depth or temporal complexity. A key methodological contribution 
of this work is the explicit demonstration that evaluation design sub-
stantially affects apparent forecasting performance. Random splitting 
was shown to overestimate generalisation in seasonal agricultural data, 
whereas strict forward-year validation provides a more conservative and 
deployment-relevant assessment. Retaining genuine zero-yield periods 
and enforcing causal feature alignment further strengthened the credi-
bility of the evaluation. Together, these results highlight the importance 
of leakage-aware modelling practices in agricultural forecasting. From 
an operational perspective, the findings suggest that daily yield forecast-
ing can be integrated into commercial decision-support systems using 
routinely collected farm data. Although forecasting errors remain non-
trivial, the achieved predictive performance indicates that daily yield 
dynamics contain substantial predictable structure. The robustness of 
tree ensembles and tabular foundation models under interannual shift 
supports their suitability for real-world deployment where data are lim-
ited and evolving.

Several directions for future work emerge naturally. Multi-farm eval-
uation is required to assess external validity across different geograph-
ical regions, cultivars, and production systems, including polytunnel, 
glasshouse, and closed hydroponic production. Future studies should 
compare direct application of the forecasting pipeline with local re-
calibration or retraining using data from the target farm. Additional 
agronomic and environmental variables should be investigated in fu-
ture work, particularly solar radiation, day length, irrigation inputs, and 
growing degree days. Solar radiation could be obtained from on-farm 
or meteorological measurements, while day length could be approxi-
mated from date and geographical location or suitable meteorological 
records. Irrigation timing and volume could be incorporated from farm-
management records, and GDD could be derived from historical temper-
ature measurements. The value of these additional variables should then 
be evaluated under forward-year validation, with particular attention to 
forecasting performance during peak production periods.
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