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Abstract—Precision fertilization is the core of sustainable
agricultural development and relies heavily on high-precision
yield prediction. Crop model-based yield prediction is crucial
for sim-to-real transfer learning. However, under conditions
of data scarcity, the extrapolation ability is generally limited,
risks are difficult to quantify, and prediction accuracy is low.
Therefore, this paper proposes a bias analysis method based
on ‘perfect calibration’ to achieve sim-to-real transfer learning,
aiming to obtain robust and reliable yield prediction. First, a crop
mechanistic model is calibrated on real data to generate a large
amount of simulated data as ideal yield observation data (pseudo-
observation data). And the ‘perfect error (PE)’ is calculated
under controlled conditions. Subsequently, the PE is used as a
mechanistic reference lower bound (MRLB) for extrapolation
error through a zero-error test and statistical analysis for
prediction risk assessment. Secondly, the bias decomposition for
PE is proposed, and a gated debiasing procedure is designed to
obtain a low-bias dataset for pre-training the neural network.
Fine-tuning is then performed on a small amount of real data to
achieve mechanistic-fused transfer learning for yield prediction.
Experimental results show that, under conditions of extreme data
scarcity, the proposed method significantly outperforms multiple
baseline methods and provides robust yield confidence intervals.
This method provides a new approach for the uncertainty analysis
and trustworthy prediction in agriculture under extreme data
scarcity by deeply integrating mechanistic modeling with machine
learning, and can be extended to the calibration and evaluation
of mechanistic models under similar data scarcity conditions.

Index Terms—crop yield prediction, extrapolation risk, gated
debiasing, sim-to-real transfer, uncertainty quantification.

I. INTRODUCTION

Precision fertilization is a key measure to improve crop
yield and resource utilization efficiency, and is of great signif-
icance to ensuring food security and sustainable agricultural
development [1]. However, its decision-making relies heavily
on high-precision yield prediction. Crop mechanistic models
(e.g., DSSAT, APSIM) are widely used for yield prediction and

2" Yuling Fan
College of Informatics
Huazhong Agricultural University
‘Wuhan 430070, China
ylfan.up@gmail.com

3" Ning Li
College of Informatics
Huazhong Agricultural University
Wuhan 430070, China
li_ning5047@163.com

fertilization decision support due to their interpretability and
composability [2], [3]. Yet high-quality field observation data
is costly and time-consuming to obtain in practical production
[4], leading to extreme data scarcity. Under small samples,
conventional calibration methods easily overfit known scenar-
ios, overestimating extrapolation performance [5]. In response,
Researchers often use cross-validation to approximate extrap-
olation performance, but these methods fail to characterize
extrapolation uncertainty, lacking reliable risk assessment for
predictions. For instance, Yang et al. applied leave-one-out
cross-validation (LOOCYV) in crop phenology simulation to
evaluate the uncertainty of different model structures and
parameters [6]. The results show that although the calibration
model performed well on LOOCY, significantly higher errors
were observed in the validation set.

Moreover, crop mechanistic models inevitably have system-
atic errors due to the simplification and assumptions made
about complex biological processes [7]. This bias reflects
the sim-to-real gap between the mechanistic model and the
real system. Existing research has shown that systematic
bias is an important factor leading to uncertainty in yield
prediction. Ignoring this gap will cause ‘false confidence’ in
calibration models and affect the extrapolation accuracy [8],
[9]. Current approaches to addressing such systematic bias
during model calibration can be broadly divided into two
categories: one is to mitigate systematic errors through implicit
means. For example, the advantages of different models can
be integrated by multi-model ensemble and Bayesian model
averaging to improve the robustness of regional-scale yield
prediction [10]. The other is to adopt explicit data-driven
discrepancy modeling and estimate parameters and systematic
errors in parallel during Bayesian calibration [11]. However,
in the case of extreme data scarcity, it is often difficult to
clearly isolate systematic bias and mitigate its associated risks,



@) Crop Model Calibration and Data Generation

(3 Bias processing @ Transfer Learning Prediction

Simulation
Data
Generator

“Perfect Calibration™

Configuration Modifier

Simulation
Dataset S1

Crop
Model

MC Dropout
Interval
Forecasting

Bias
Analysis and
Correction

Simulation
Dataset S1*

Simulation
Dataset S2

“Perfect Error”
Database

Yield
Prediction
Model

Calibration
Configuration

L

Model Calibrator

R

(@ Data Pre-processing

—
;/7
Real Dataset R

Pre-training

Data Divider

Fine-tuning

Fig. 1. Mechanism-driven transfer learning framework for crop yield prediction

making it difficult to ‘prescribe the right medicine’ in the
calibration process, ultimately constraining the effectiveness
and pertinence of subsequent debiasing interventions.

In addition, data-driven modeling is also one of the com-
monly used prediction methods. However, under conditions of
data scarcity, pure data-driven models will also exacerbate the
risk of overfitting and reduce generalization ability [12]. In
contrast, hybrid modeling strategies that combine mechanistic
models and data-driven models can utilize prior knowledge
and statistical laws at the same time and have been recognized
as an effective path to improve prediction accuracy [13]. In
recent years, hybrid modeling has shown significant potential
in agricultural applications. For example, Saravi et al. used
DSSAT-generated data to train a deep network for maize yield
prediction [14]; Tao optimized fertilization and irrigation via
DSSAT and reinforcement learning [15]; Li et al. combined
APSIM with machine learning for superior wheat yield pre-
diction [16]. However, most of these studies ignore or assume
unbiased simulation, inadequately addressing systematic bias
and uncertainty.

To address these issues, this paper proposes a bias analysis
method based on ‘perfect calibration’ for sim-to-real trans-
fer learning, aiming to achieve robust yield prediction via
‘risk constraint’ and ‘bias reduction’. The technical path is:
calibration—bias analysis—gated debiasing—transfer learn-
ing—uncertainty quantification. The main contributions are
as follows: (1) Introduce ‘perfect calibration’ and zero error
test (ZET) to analyze systematic bias and its composition;
propose perfect error (PE) as the mechanistic reference lower
bound (MRLB) for extrapolation error, quantifying calibration
uncertainty under data scarcity. (2) Propose PE bias decom-
position and design a gated debiasing procedure to mitigate
systematic bias, providing high-quality source-domain data for
transfer learning. (3) Propose a sim-to-real transfer learning
method integrating mechanistic knowledge and data-driven
approaches, training on debiased simulation data and fine-
tuning with limited real data; integrate MRLB with MC
dropout for continuous uncertainty assessment, filling the gap
in pre-transfer risk quantification.

II. MECHANISTIC-DRIVEN TRANSFER LEARNING
METHOD

To achieve robust crop yield prediction and support preci-
sion fertilization decisions, this study develops a mechanism-
driven transfer learning framework (Fig. 1) that integrates
crop model mechanisms, bias analysis, and data-driven ap-
proaches. The proposed framework follows a four-step work-
flow: (1) data preprocessing, (2) model calibration and simu-
lation, (3) bias identification and correction, and (4) transfer-
based prediction. Detailed descriptions are provided in Sec-
tions II-A, II-B, and II-C.

A. Mechanistic Model Calibration and Risk Assessment

Under data-scarce conditions, the extrapolation risk associ-
ated with model calibrated is difficult to quantify. Therefore,
a perfect calibration experiment is designed and a zero-error
test is conducted to deeply analyze the systematic bias and
its components in the calibration process, which helps to
derive and establish the MRLB, thereby providing support for
extrapolation risk assessment.

1) Perfect Calibration and Zero-Error Test: The perfect
calibration experiment is designed as follows. First, the real
field dataset is grouped by year to form initial calibration
configurations g € {1,2,...,G}. For each configuration g,
the crop model M is calibrated to derive calibrated parameters
6, and the mechanistic yield function:

y1(z) = M(x;06) (1)

where x denotes input variables such as fertilization (nitrogen
N, phosphorus P) and meteorology. A simulated dataset S is
generated through the function. From S, a subset that matches
the fertilization combinations and sample size of the original
real dataset is extracted to serve as ‘pseudo-observation data’.
The same calibration procedure is repeated on the pseudo-
observation data to obtain parameter 05 and the yield function:

ya(z) = M(x;0) (2)

based on which, a simulated dataset .S, is obtained. Since
the pseudo-observation data are generated by the model itself
and are therefore structurally consistent with the model. This
second calibration process is termed ‘perfect calibration’,



namely, error minimization is theoretically attainable. Thus
it can be used for comparison and error analysis of real
calibrations, drawing cross-domain inspiration from the ideas
of ‘Pseudo-observations’ and ‘Perfect Model Test” in climate
science [17].

Under a controlled perfect calibration setting with the same
scale, procedure, and objective, the errors for both calibrations
are defined as:

e1(z) = |yi(x) —yo(2)l,  ea(x) = |ya(z) —wa(x)] (3

where ¢; denotes the absolute error of calibration using real
data (hereafter referred to as real error), €2 denotes the perfect
calibration error, and yo(x) is the true but unobservable yield
function.

Since yo(z) is unknown, direct analysis of €; is infeasible.
In contrast, both y; and y-» are observable and determinis-
tically generated, and €5 is free from observation noise. It
measures whether the model can reproduce its own generated
mechanistic function under identical calibration constraints
and primarily reflects the limiting fitting capability of the
‘calibration algorithm—mechanistic model’ combination under
given data and computational resources. The two errors may
include: (1) Structural-side error: mismatch caused by model
structural simplifications. (2) Implementation-side error: local
mismatch caused by the calibration algorithm failing to reach
the global optimum. (3) Combined effects of the above two.

In perfect calibration, the data structure is naturally consis-
tent with the model structure. This allows to isolate and char-
acterize the implementation-side error independently without
interference from observation noise or structural-side error,
thereby analyzing error regularities and effectively reducing
the magnitude of ;.

To further verify this decomposition and exclude random
non-systematic disturbances, a zero-error test is conducted.
Instead of random initialization, the second calibration is
warm-started from 6. Since the calibration data and the model
are self-consistent, the calibration model should theoretically
be able to fully reproduce y;(z). If repeated calibrations
consistently satisfy e < d; (with §; being the tolerance,
e.g., 1079), this indicates that the perfect calibration error
primarily reflects implementation-side error, representing the
upper limit of achievable fitting accuracy and no significant
random interference.

2) Mechanistic Reference Lower Bound (MRLB) for Risk
Assessment: Based on the two-step calibration and the ZET,
the real calibration error ; consists of three components:

€1 (J’) = 5impl(x) + astruct(x) + 5noise(-73) 4

where €impl, Estruct and epoise denote implementation-side error,
structural-side bias and observation/label noise, respectively. In
contrast, perfect calibration eliminates observation noise and
excludes structural-side error, yielding:

52(37) - 5impl($) (5)

Because both calibrations use the same optimization algorithm,
and the mismatch between the true yield structure and the

model structure must be greater than that in the perfect calibra-
tion scenario, £; necessarily contains larger implementation-
side error than s5. In addition, £; contains additional error
components. Therefore, the following expected lower bound
can be derived under the same input distribution:

Ele1(x)] > Elea(x)] =: LBpoin (6)

mech

where LBcy is the MRLB, which is a statistical expected
lower bound rather than a pointwise absolute bound. Al-
though reversals may occur at specific inputs, the inequality
holds in expectation. MRLB transforms expert intuition about
calibration precision and intrinsic model limitations into a
quantitative indicator. Under extremely limited samples, it
enables the mechanistic model itself to serve as a tool for
uncertainty assessment, providing a theoretical uncertainty
baseline that traditional methods (e.g., cross-validation) cannot
offer.

B. Bias Characterization and Gated Debiasing

According to the analysis in Section II-A, implementation-
side errors originate from limited samples and parameter op-
timization failing to reach the global optimal, thereby leading
to local model mismatch. To further investigate the underlying
bias patterns and implement effective interventions, multiple
strategies are adopted to characterize these biases, and a
gated triggering mechanism is further designed for debiasing.
Structural-side errors cannot be isolated independently and are
not studied in this paper.

1) Bias Characterization: Four types of robust bias patterns
are analyzed on the implementation-side bias. (1) Linear bias:
A linear decomposition is applied to the second calibration
bias to identify the global additive shift a;” and multiplicative
scaling rule b;”; (2) Structural monotonicity: Spearman coef-
ficients py, pp are analyzed to describe the monotonic trends
of the bias along the nitrogen /N and phosphorus P gradients;
(3) Year effect: For each year ¢, the central tendency of relative
bias u; is defined as:

pe = median;e () @)

where r; = b;/(y1,; + €) denotes the relative bias of individual
samples, b; = y2; — y1,; is the bias between two calibrations,
and € = 107% is a small constant for numerical stabilization.
The variance ratio:

R? = Var () /Var;(r;) (8)

quantifies the contribution of inter-annual variability in mean
bias relative to the total variance of all sample-level relative
biases. Var denotes sample variance and subscripts indicate the
dimension of aggregation; (4) N x P coupled bias structure:
for each (N, P) grid cell, define the median relative-bias
field 5 p(NV, P,t) = median( RelBias(NN, P, t)), and use the
interquartile range (IQR) to quantify local uncertainty of the
bias within each grid cell.



2) Gated Debiasing: According to the above bias analy-
sis, we propose task-agnostic and model-form-agnostic gating
indicators and a two-stage debiasing method.

Stage 1: Global year-wise affine alignment. If the year effect
R? is significant, a robust regression is fitted for year ¢:

Y2 = a; + by )

Then it is converted into inverse coefficients for “reverse
correction” of simulated data Sy:
1 a;’
= — a’t = ——
— —
by by

by (10)
The original simulated data S; (N, P, t) is then aligned year-
wise:

Y

Stage 2: Local gated multiplicative correction. On gated
grid points, the final corrected signal S;(N,P,t) is ob-
tained by multiplicatively adjusting the affine-corrected signal
S at(N, P, t) using a robust coupled bias field:

Sl,aff(Na P7 t)
LT AN, P.t) - onp(N, P.0)

where A\(N, P,t) € [0,1] denotes the gating strength. The
gating strength is jointly determined by the following three
decision logic indicators:

a) Gate-A Sign Consistency: For each grid cell and year,
the sign-consistency ratio SC(N, P,t) across g independent
experimental configurations is defined as:

Sl,aff(N7Pat) :a/t+bt'sl(NaP7t)

ST(vaat): (12)

G
SC(N, P,t) = é > 1<sign (r@)) = sign (6Np)) (13)
g=1

where r(9) denotes the relative bias obtained under the g-th
experimental configuration. A binomial test pgc evaluates its
deviation from random agreement. Only when multiple exper-
imental configurations share highly consistent bias directions,
it is identified that the local structure is reliable.

b) Gate-B Structural Stability: Structural stability at each
grid cell is quantified by a stability weight ST(N, P, t), which
is derived from the dispersion of long-term bias measured by
IQRy p (NN, P). Larger values of ST indicate higher structural
stability. The clip(-) operator constrains the resulting weight
to the range [0, 1]:

|onp (N, P)| 0, 1) (14)
IQRNp(N,P) + ¢
c) Gate-C Hotspot Trigger: Hotspot triggering is based

on identifying a set of hotspot candidates H, defined as grid
cells that satisfy both statistical and practical significance:

ST(N, P,t) = clip (

H = {(N.P.1) : SC = 7, psc < @, 1np] = Nocar | (15)

where 7,5 denotes the sign-consistency threshold, « the signif-
icance level, and Tjoca the local magnitude threshold. Addi-
tionally, only candidates forming connected components in the
N x P neighborhood are retained to avoid isolated triggers.

Final hotspot membership is encoded by a binary indicator
HT(N, P,t) € 0,1. The final gating strength is:
(16)

AN, P,t) = HT - clip (SlcTo 1> ST

SS
C. Mechanistic-Driven Transfer Learning

In this section, the debiased simulation data ST is used to
train a neural network to extract robust mechanistic priors. The
model is then fine-tuned end-to-end on real data with a small
learning rate, providing point predictions and quantitative
confidence intervals simultaneously.

1) Data Definition:

a) Domains: real target domain R and debiased simula-
tion domain S7.

b) Input variables: management inputs (N,P) and me-
teorological variables during the crop growing season (total
precipitation, total radiation, and growing degree days).

¢) Data split: ST is split into training and validation sets
with an 8:2 ratio, using year-stratified sampling to preserve
consistency of N/P gradients and annual meteorological dis-
tributions. Similarly, R is split by year into training, validation,
and test sets with a 3:1:1 ratio.

2) Transfer Model Architecture: The learner is a feed-
forward regressor fg : R® — R, which captures the nonlinear
environment—crop responses through a two-layer representa-
tion:

a) Representation layers: sequential mapping (5 — 256
— 128) with ReL.U activations.

b) Regularization: Dropout and Layer Normalization are
inserted into the representation layers to enhance training
stability under small-sample conditions.

c) Regression head: maps the 128-dimensional latent
representation to a scalar yield prediction.

d) Objective and optimization: Huber loss is adopted to
improve robustness to outliers, and the Adam optimizer is used
together with learning-rate scheduling and early stopping to
constrain training.

This moderately complex architecture has sufficient fitting
capacity for the highly covered simulation scenarios provided
by ST, while maintaining stability during fine-tuning on the
target domain R through multiple regularization mechanisms,
thereby avoiding degradation of generalization performance
caused by excessive model complexity.

3) Probabilistic Prediction and Confidence Intervals: To
quantify predictive uncertainty, Monte Carlo (MC) Dropout is
employed for distributional estimation, and Bootstrap resam-
pling is further incorporated to construct more conservative
and reliable confidence intervals.

a) MC Dropout: Dropout remains active during infer-
ence. For each sample, approximately 500 stochastic forward
passes are performed, yielding a set of predictions. The sample
mean u(x) serves as the point estimate, and the sample
standard deviation o(z) measures the epistemic uncertainty.
A nominal 95% interval is constructed as [p(z) £ 1.96, o (x)].



b) Bootstrap Calibration: On the validation set, pre-
diction interval coverage probability (PICP) and mean pre-
diction interval width (MPIW) are evaluated. The minimum
inflation factor k is searched such that the calibrated interval
[u(x) £k, o(x)] achieves the target coverage level. This factor
is then applied to the test set, yielding conservative and
interpretable confidence interval outputs.

III. EXPERIMENTAL RESULTS & DISCUSSION

The experimental dataset is obtained from the National Soil
Fertility and Fertilizer Effects Long-Term Monitoring Network
[18]. The dataset comprises 15 maize yield records sets span-
ning a five-year period (1990-1994), along with corresponding
meteorological and fertilization data. All data were organized
following the crop model DSSAT (v4.8.5) protocol [19]. Using
the year as the basic unit, the data were partitioned into 20
independent configurations following a 3:1:1 ratio for training,
validation, and testing, supporting subsequent calibration, sim-
ulation, and transfer learning experiments. The performance
of all experiments is evaluated using Mean Absolute Error
(MAE), Mean Relative Error (MRE), Root Mean Square Error
(RMSE), and the coefficient of determination (R2).

A. Convergence of Perfect-Calibration

Perfect-calibration experiments were conducted on each of
the 10 independent configurations. For every experiment, both
rounds of calibration exhibited stable convergence, and the
overall performance is summarized in Table I.

The results show that all error metrics under the perfect
calibration based on pseudo-observations are substantially
lower than those under the initial calibration based on real
observations, while R2 is markedly higher. This indicates that
perfect calibration is considerably easier than real-data calibra-
tion and confirms the objective existence of implementation-
side errors. These findings provide a statistical foundation for
subsequent error decomposition and lower-bound derivation.

B. Zero-Error Test and Validation of MRLB

To verify the reasonableness of the error decomposition and
the correctness of the MRLB, zero-error tests are conducted,
and the error expectation is calculated. The results are as
follows.

All 20 configurations successfully pass the ZET, with
weighted RMSE approaching zero (Table I). This demon-
strates that the DSSAT model is structurally self-consistent.
Combined with the findings in Section III-A, it confirms that
the perfect-calibration error €5 mainly reflects implementation-
side errors.

As shown in Table II (showing only 10 representative
results due to space limitations), the expected error of perfect
calibration (IE5) is far smaller than that of initial calibration
(E1) in the vast majority of configurations, namely, Eo < [E;.
This aligns with theoretical derivations and validates that
MRLB can be regarded as a statistical lower bound of the
initial-calibration error. Consequently, calibration uncertainty
can be quantified solely using the model’s own mechanism,
without relying on additional external data.

TABLE I
OVERALL PERFORMANCE AND ZET TEST RESULTS OF TWO
CALIBRATION PROCESSES ON 20 CALIBRATION SETS

Calibration Process ZET MAE MRE RMSE R?

First Calibration pass 766.35 0.1310 987.27 0.7938
Perfect Calibration pass 256.88 0.0452 363.73 0.9708
Improvement A - 606.48% 65.50% 63.16% 22.30%

C. Bias Patterns

By analyzing the bias regularities of the simulated data
generated during the perfect-calibration experiments, it iden-
tifies reproducible bias patterns in implementation-side errors.
Due to space limitations, the main results are summarized in
Table III.

D. Debiasing Effectiveness and Placebo Controls

To reduce simulation errors, effective combinations of de-
biasing gating thresholds (753 = 0.7, a = 0.05, Tigcal =
0.03) were determined based on the bias patterns discovered
in SectionlII-B. Four debiasing modes and corresponding
placebo controls were designed:

1) Four debiasing modes: Yearwise correction only (Yc),
structural correction only (Sc), yearwise followed by structural
correction (YSc, our method), and structural followed by
yearwise correction (SYc).

2) Placebo controls: For the first three modes (excluding
the shuffled control group SYs), identity transformation (-
id) and parameter shuffling (-sh) are applied to test whether
performance gains originate from effective debiasing rather
than random effects.

The results in Table IV (Similarly, showing only 10 rep-
resentative results) show that: (1) Under the identity trans-
formation, MAE changes are negligible, excluding accidental
improvements; (2) Parameter shuffling leads to significant
error increases, confirming that incorrect parameters degrade
performance; (3) Under normal debiasing modes, MAE gen-
erally decreases, with YSc achieving the largest and most
stable improvement. These findings verify the effectiveness of
the debiasing mechanism. Occasional anomalies in the Sc-sh
mode suggest that practical applications may require further
scenario-specific optimization.

E. Comparison of Transfer Learning Performance

To verify the proposed transfer learning framework, com-
parisons were conducted against multiple baselines on 20
independent test sets in Table V (Similarly, showing only
10 representative results). The baselines are as follows: R: a
neural network trained only on real observations; CM: yield
predictions from DSSAT after initial calibration; S1-P / S1-F:
pretrained and fine-tuned models using unbiased simulations
S1; S1*#-P / S1*-F (our method): pretrained and fine-tuned
models using debiased simulations S1x. Overall performance
follows the ranking:

S1*-F (best) > S1-F > S1*-P 2> S1-P > CM > R.



TABLE II
EXPECTED STATISTICS AND IMPROVEMENT COEFFICIENTS FOR TWO CALIBRATION ERRORS

| 001 002 003 004 005 006 007 008 009 010

E:
[E2/MRLB

772.07 595.53 803.73 750.80 756.87 822.00 895.13 700.07 775.87 896.87
378.47 437.13 543.85 259.34 455.44 25326 508.28 629.17 413.51 280.87

TABLE III
SUMMARY OF BIAS INDICATORS

Indicator

Description

Sign Consistency
Structural Pattern
Hot Zones

Annual Effect

Cross-group RelBias_mean shows same-sign ratio > 70%, indicating clear systematic bias.

N-dimensional stability zone: within N (10, 30), stable negative bias (—3%, —4.5%), same-sign ratio 75-80%.
Identified 9 hot zones in N-dimensions and 124 hot zones in (NN, P) coupling (threshold: same-sign ratio
> 70%, |median| > 2%).

Additive shifts in 1990/1991/1993 (Ja| > 2%-mean yield); 1993 shows highest same-sign ratio (= 90%).

TABLE IV
DEBIASING EFFECTIVENESS AND PLACEBO CONTROLS

G Yec-id

Yc-sh Sc-id Sc-sh YSc-id YSc-sh Yc Sc YSc SYc

0O N O W kR W

741.0 — 741.0 741.0 — 837.6 741.0 — 741.0 741.0 — 747.2 741.0 — 741.0 741.0 — 834.3 741.0 — 417.5 741.0 — 709.4 741.0 — 397.4 741.0 — 402.5
617.0 — 617.0 617.0 — 796.7 617.0 — 617.0 617.0 — 622.3 617.0 — 617.0 617.0 — 792.9 617.0 — 296.3 617.0 — 587.2 617.0 — 278.4 617.0 — 279.1
711.1 — 711.1 711.1 — 900.8 711.1 — 711.1 711.1 — 693.8 711.1 — 711.1 711.1 — 897.7 711.1 — 394.1 711.1 — 718.7 711.1 — 358.7 711.1 — 375.0
772.1 — 772.1 772.1 — 959.4 772.1 — 772.1 772.1 — 775.8 772.1 — 772.1 772.1 — 969.7 772.1 — 740.2 772.1 — 772.4 772.1 — 718.7 772.1 — 733.9
654.3 — 654.3 654.3 — 962.3 654.3 — 654.3 654.3 — 660.1 654.3 — 654.3 654.3 — 943.0 654.3 — 514.5 654.3 — 626.1 654.3 — 496.3 654.3 — 500.8
967.1 — 967.1 967.1 — 1175.6 967.1 — 967.1 967.1 — 957.6 967.1 — 967.1 967.1 — 1172.9 967.1 — 620.5 967.1 — 963.4 967.1 — 573.6 967.1 — 601.2
964.9 — 964.9 964.9 — 1031.7 964.9 — 964.9 964.9 — 970.3 964.9 — 964.9 964.9 — 1050.3 964.9 — 526.7 964.9 — 933.9 964.9 — 538.1 964.9 — 528.9
825.5 — 825.5 825.5 — 1100.1 825.5 — 825.5 825.5 — 826.3 825.5 — 825.5 825.5 — 1118.4 825.5 — 690.9 825.5 — 828.7 825.5 — 642.1 825.5 — 670.7

9 677.1 = 677.1 677.1 — 875.7 677.1 — 677.1 677.1 — 681.2 677.1 — 677.1 677.1 — 871.6 677.1 — 429.9 677.1 — 645.6 677.1 — 385.2 677.1 — 406.9
10 804.6 — 804.6 804.6 — 1027.1 804.6 — 804.6 804.6 — 809.6 804.6 — 804.6 804.6 — 1007.8 804.6 — 505.9 804.6 — 774.9 804.6 — 461.9 804.6 — 480.0

TABLE V
TRANSFER PERFORMANCE COMPARISON

MAE
CM SI-P S1-F SI1*-P SI1*-F

(]

R

MRE
R CM S1-P S1-F S1*-P S1*-F

RMSE

R CM S1-P SI-F SI*-P SI1*F

RZ

R CM S1-P S1-F S1*-P S1*-F

2385.1 970.3 1043.7 737.8 1038.6 643.4
2987.2 827.0 8159 5729 659.2 521.1
1460.6 920.3 952.1 833.1 8289 528.1
2971.8 921.3 1008.3 785.2 965.8 576.0
21729 699.0 657.3 427.5 675.8 349.9
2629.51160.0 1148.7 1125.0 1161.3 1098.0
2391.7 830.0 819.9 508.8 734.0 231.9
1269.5 1188.7 1261.8 908.9 1034.3 766.4
2972.1 661.7 6379 326.8 479.2 225.1
1494.6 1086.3 1029.9 838.1 982.8 775.6

O 00 N O LR~ W N =

49.218.1 19.0
62.8 17.1 16.2
241152 15.2
62.518.6 18.9
345145 13.0
38.319.3 189
51.518.2 169
23.617.6 18.4
62.015.1 14.1
255192 17.7

11.9
11.3
13.4
15.2
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2177.8 894.3 844.7 4819 855.1 382.6
2803.0 1472.9 1437.0 1433.0 1480.8 1328.6
2761.8 992.0 986.9 527.1 875.2 251.2
2142.51230.8 1306.4 924.5 1052.1 781.9
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-5.46 0.44 0.36 0.62
-0.230.79 0.81 0.94
-0.020.72 0.73 0.73
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-0.94 0.36 0.28 0.64
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0.70
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0.96
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These results indicate that fine-tuning (-F) generally out-
performs pretraining only (-P), demonstrating the benefit of
target-domain samples. Models trained on debiased source

data S1x consistently outperform those trained on unde-biased
data S1, confirming the effectiveness of the ‘debias first, then
transfer’ strategy. Negative transfer in certain test years (e.g.,
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Fig. 2. Yield prediction obtained by the proposed transfer learning method.

1994) is likely due to meteorological conditions falling out-
side the training distribution, which degrades baseline model
performance and limits transfer effectiveness.

F. Case Study

A fertilizer—yield prediction for the year 1992 is shown in
Fig. 2. With nitrogen input of 165 kg/ha and phosphorus input
of 82 kg/ha, the proposed transfer model predicts a yield of
7040 kg/ha, with a 95% confidence interval of [5695, 8385]
kg/ha. The observed yield is 6720 kg/ha, and the MAE (320
kg/ha) is below 5% and lies within the credible interval, which
is practically acceptable.

In this case study, the MRLB (508 kg/ha) quantifies the
uncertainty of the source-domain data. The fact that the
prediction MAE is lower than the MRLB indicates that the
transfer process effectively reduces source-domain error, high-
lighting the value of debiasing and transfer learning. MRLB
provides a critical reference for judging reliability: an MAE far
below MRLB may suggest over-optimistic evaluation, whereas
a large MRLB implies poor source-data quality and high
uncertainty. By combining MRLB with interval prediction,
the proposed method offers end-to-end risk-aware support
for yield prediction and decision-making under data-scarce
conditions.

IV. CONCLUSION

This study constructs a mechanistic-driven transfer learning
framework to address crop yield prediction under extremely
data-scarce conditions. We introduce the concepts of perfect-
calibration experiments and a mechanistic reference lower
bound (MRLB) to enable effective bias diagnosis and quan-
tification of risk-related uncertainty. Then, a two-stage gated
debiasing strategy is developed to optimize source-domain
simulated data, thereby improving the quality of transfer. The
debiased mechanistic priors are subsequently integrated with
real-world observations through transfer learning, enabling
the simultaneous generation of point predictions, credible

intervals, and theoretical risk lower bounds. Results show that
the proposed method improves prediction accuracy while char-
acterizing uncertainty, providing an reliable decision-support
tool for precision fertilization in data-limited settings. The
framework is also generalizable to other mechanistic-driven
modeling tasks constrained by data scarcity.
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