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A B S T R A C T

Accurately estimating crop yield under climate stress is vital for global food security, particularly as extreme 
weather events become more frequent. Data-driven models are increasingly adopted for enhancing yield esti
mation. They benefit from the effective learning of crop response to the environment from vast amounts of 
remote sensing and meteorological data. Extreme climate stress conditions that have few yield labels available 
failed to train these models for modeling crop-stress interactions. Crop responses to such extreme climate stress 
could exhibit significant delays and sensitivities that can be captured through remote sensing observations. 
However, this knowledge is not sufficiently utilized in data-driven yield estimation models to address the lack of 
labels under extreme stress. This study employs attention mechanisms to explicitly encode the time lag effect and 
phenology sensitivity within a deep learning framework for predicting crop yield under extreme climate stress. 
The framework consists of two-stream structure separately receiving climate and remote sensing data, with each 
aggregating input time series into multitemporal feature embeddings. A time-lag-encoded cross attention fuses 
feature embeddings between climate and remote sensing streams, while phenology-sensitivity-guided linear 
attention is applied atop the framework for processing these time-lag-encoded features. The proposed model is 
evaluated across nine Midwestern states within the US Corn Belt at the county level from 2006 to 2023, simu
lating extreme climate stress scenarios with limited samples. The time lag analysis indicates an average lag of 
approximately 45 days between the extreme stress event and the maximum vegetation decay event, revealing 
that such extreme events lead to delayed reductions in crop greenness. General model evaluation results 
demonstrate that the knowledge-encoded two-stream model (RMSE = 1.17 Mg ha− 1) outperforms both the 
feature-stacking-based two-stream model (RMSE = 1.43 Mg ha− 1) and the random forest model (RMSE = 1.68 
Mg ha− 1) under conditions of extreme climate stress. Model ablation results show that cross attention and time- 
lag knowledge significantly improve model accuracy compared to direct sum of features, suggesting knowledge- 
encoded data fusion is more effective than simply summing multi-source input data. The incorporation of time 
lag-encoded cross-attention mechanisms also facilitates the identification of distinct time lag patterns since 
extreme climate stress happened, thereby enhancing the model’s interpretability and providing insights into the 
interactions between environmental factors and crop responses. In-season analysis reveals that the time lag- 
encoded model captures extreme stress events once they occur, enabling accurate yield predictions up to 8 
weeks in advance. The spatial–temporal transferability experiment shows that the knowledge-encoded two- 
stream model outperforms baseline models across counties from 2013 to 2023. Notably, the proposed model 
achieves substantial accuracy gains in regions experiencing extreme heat stress, and it also maintains robust 
performance across most years. Overall, the time lag knowledge could be extended to other forms of environ
mental stress as long as it’s captured by multi-source data. The cross-attention mechanism as a basic unit enables 
integration with more knowledge to improve the modeling of complex biomass accumulation and yield 
formation.

* Corresponding authors.
E-mail addresses: zhulinchao@zju.edu.cn (L. Zhu), lintao1@zju.edu.cn (T. Lin). 

Contents lists available at ScienceDirect

ISPRS Journal of Photogrammetry and Remote Sensing

journal homepage: www.elsevier.com/locate/isprsjprs

https://doi.org/10.1016/j.isprsjprs.2025.10.020
Received 5 March 2025; Received in revised form 4 September 2025; Accepted 18 October 2025  

ISPRS Journal of Photogrammetry and Remote Sensing 231 (2026) 101–118 

Available online 28 October 2025 
0924-2716/© 2025 International Society for Photogrammetry and Remote Sensing, Inc. (ISPRS). Published by Elsevier B.V. All rights are reserved, including those 
for text and data mining, AI training, and similar technologies. 

https://orcid.org/0000-0001-8922-0138
https://orcid.org/0000-0001-8922-0138
mailto:zhulinchao@zju.edu.cn
mailto:lintao1@zju.edu.cn
www.sciencedirect.com/science/journal/09242716
https://www.elsevier.com/locate/isprsjprs
https://doi.org/10.1016/j.isprsjprs.2025.10.020
https://doi.org/10.1016/j.isprsjprs.2025.10.020
http://crossmark.crossref.org/dialog/?doi=10.1016/j.isprsjprs.2025.10.020&domain=pdf


1. Introduction

Accurate crop yield estimation under climate stress is essential for 
global food security. The frequency of extreme events has increased 
across many regions of the world in recent years and is expected to rise 
further (Gabaldón-Leal et al., 2016; Lesk et al., 2022; Vogel et al., 2019). 
Major production areas have faced an increasing risk of yield failures 
due to the emergence of extreme stress, particularly during the repro
ductive stages (Rezaei et al., 2023; Vogel et al., 2019). Robust yield 
estimation models that highlight intensified stress and worsen canopy 
conditions due to various stressors are necessary to improve yield esti
mates and enhance understanding of crop responses to environmental 
stresses (Anderson et al., 2016; Peng et al., 2018; Prasad et al., 2015). 
Effectively representing the interactions between the environment and 
crop growth is a prerequisite for developing these models to assess how 
crops will ultimately respond to climate change (Schlenker and Roberts, 
2009).

Crops interact dynamically with environmental changes, and the 
impacts of extreme climate stress can be captured through multi-source 
observations during the growing season. Crop responses to climate stress 
are often delayed, with canopy greenness showing lagged declines 
following the extreme stress (Jiang et al., 2025; Liu et al., 2018; Yang 
et al., 2024). These time-lag effects have been studied in both ecological 
and agricultural contexts to explore lagged impacts on vegetation and 
crops (Gao et al., 2025; Kong et al., 2020; Liu et al., 2016, 2018; Yang 
et al., 2024). The time-lag effect can occur throughout the crop growth 
cycle, but its impact on yield is unevenly distributed across stages. Crop 
responses to climate stress exhibit varying sensitivity across phenolog
ical stages, with reproductive periods being more vulnerable than 
others. The flowering stage is generally considered one of the most 
sensitive phases for yield determination in many crops, as it governs 
pollination success and final grain formation (Barnabás et al., 2008; 
Deryng et al., 2014; Kang et al., 2009; Lesk et al., 2022; Rezaei et al., 
2023; Vogel et al., 2019). Therefore, jointly modeling time-lag effects 
and phenology sensitivity may enhance the modeling of crop response to 
climate stress in yield estimation.

Meteorological and remote sensing observations are the widely used 
dynamic data for characterizing the interaction of crop growth and the 
environment (Feng et al., 2021; Peng et al., 2018; Sakamoto, 2020). The 
time-lag effects are usually quantified by aligning vegetation dynamics 
with preceding climate anomalies using remote sensing and climate data 
(Gao et al., 2025; Liu et al., 2016; Yang et al., 2024). The common 
approach to quantify time lag is to calculate the lagged durations be
tween the onset of climate stress and the subsequent decline in canopy 
greenness. However, it remains challenging to accurately link each 
vegetation decline event to a specific stress event. Besides the delays 
between events, the vegetation canopy may also exhibit prolonged 
damage following the extreme climate stress. Daily climate indicators 
could reveal the burst points of extreme stress, and vegetation time se
ries reflect the cumulative physiological response until the largest decay. 
The interval between these two extremes may represent a meaningful 
window of the long-lasting crop response of extreme climate stress. 
Incorporating the features within this time-lag duration into yield esti
mation models offers a way to extract extreme stress-related signals, 
thereby improving the robustness of crop yield estimation under 
extreme climate conditions.

Data assimilation methods based on crop simulation models are one 
of the representative approaches to integrate extra observations into 
yield estimation frameworks. Process-based crop models simulate crop 
growth and development under different weather, soil, and manage
ment conditions (Challinor et al., 2014; Shuai and Basso, 2022). Data 
assimilation techniques incorporate remote sensing variables into crop 
models by updating internal state variables to improve simulation ac
curacy (Han et al., 2022; Huang et al., 2016; Ines et al., 2013, 2013; Jin 
et al., 2017; Kang and Özdoğan, 2019) (Table 1). However, these ap
proaches often struggle under extreme climate conditions due to model 

structural limitations and uncertainty propagation (Shuai and Basso, 
2022). They lack explicit mechanisms to represent observed physio
logical phenomena such as lagged crop responses and phenological 
sensitivity. These limitations highlight the need for more flexible 
frameworks that can integrate such domain-informed patterns.

Data-driven approaches, known for their strong learning capacity, 
have been increasingly applied to model crop yield using multi-source 
data (Table 1). Purely data-driven deep neural networks facilitate 
recognizing spatial–temporal-spectral pattern of crops from vast 
amounts of data. Many studies utilize long short-term memory (LSTM) 
networks to capture crop growth dynamics from remote sensing and 
meteorological data (Feng et al., 2021; Jiang et al., 2020; Zhong et al., 
2023). Vision Transformers have been introduced to enhance temporal 
feature learning by operating on image patch sequences (Lin et al., 
2024). To make full use of high temporal resolution data, pyramid ar
chitectures combining LSTM and Transformer modules have been pro
posed to extract fine-grained features from daily data (Xiong et al., 
2024). Researchers have also attempted to use graph neural networks to 
learn spatial dependencies among agricultural regions, improving pre
dictive performance (Cheng et al., 2024; Fan et al., 2022; Peng et al., 
2024). These studies typically stack all input variables per time step, 
ignoring the potentially causal dependencies between variables over the 
temporal domain. For example, there is often a time lag between climate 
stress and canopy greenness responses, which can be observed through 
climate variables and vegetation indices. Recently developed models 
employ multiple streams of neural network to separately extract features 
from different data modalities, and often fuse the learned representa
tions through a simple concatenation layer (Huang et al., 2022; Lin 
et al., 2024; Peng et al., 2024). A more recent extension uses gated fusion 
mechanisms to adaptively integrate heterogeneous features (Mena et al., 
2025). Although these fully data-driven yield estimation models offer 
improve multi-modal learning, they typically align all inputs by calen
dar day, and fail to capture the temporal misalignment and lagged de
pendencies across variables. On the other hand, they often require 
extensive labeled data from real-world scenarios to achieve high accu
racy. This reliance on large datasets poses challenges in climate stress 
scenarios with limited samples.

Encoding knowledge into data-driven models presents a potential 
strategy to effectively utilize the stress-related interactive signals like 
time lag and reduce the data requirements. Many studies have attempted 
to build hybrid models that integrate crop simulation knowledge with 
data-driven approaches (Table 1). The primary idea is to use simulation 
data and labels from crop simulation models to train a proxy machine 
learning model (Feng et al., 2020, 2019; Hsiao et al., 2019; Jeong et al., 
2022; Liu et al., 2024; Shahhosseini et al., 2021; Xiao et al., 2024; Yang 
et al., 2023). However, traditional crop simulation models often struggle 
to accurately simulate crop responses to environmental stress (Nóia 
Júnior et al., 2025), making it challenging to generate simulation data 
representing stress-induced interactive signals for training proxy deep 
learning models. What is needed is a new approach that explicitly in
corporates observed signals into the neural network structure. In deep 
learning, cross-attention mechanisms are frequently used as a flexible 
strategy for modeling interactive relationships between features from 
multiple sources (Chen et al., 2021; Wei et al., 2020). Cross-attention is a 
variant of the typical self-attention mechanism, realizing the “cross” 
function by switching the query and key to weight either side of the 
features. To broaden the applicability of attention mechanisms, many 
studies have employed predefined rules to enforce learned attention 
maps focusing on specific ranges of locations (Kim et al., 2023; Phung 
et al., 2024). Researchers have adapted this concept to manually adjust 
attention weights using phenological sensitivity in crop yield modeling, 
showing positive effects in improving crop yield estimation (Qiao et al., 
2023). However, this approach primarily focuses on normal climate 
conditions. The incorporation of stress-related physiological knowledge, 
such as time-lag effects observed after heat or drought events and 
phenological sensitivity of crop response to extreme climate stress, 
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remains underexplored.
In this study, we develop a two-stream deep learning framework to 

allow for encoding time-lag effects and phenological sensitivity using 
attention mechanisms, facilitating crop yield estimation under extreme 
climate stress. The framework contains the remote sensing and climate 
streams, each stream employing a pyramid structure that progressively 
aggregates input time series into feature embeddings. We explicitly 
encode the time lag effect between the two streams based on cross 
attention. Phenology-sensitivity-guided linear attention processes the 
time-lag-encoded features on top of the two-stream framework. The 
proposed model is evaluated across nine Midwestern states within the 
US Corn Belt at the county level from 2006 to 2023, simulating climate 
stress situations with fewer samples to address the following questions: 

(1) What are the patterns of the time lag and phenology sensitivity 
between remote sensing and meteorological data during extreme 
stress in crop growth?

(2) What are the contributions of the time-lag and phenological 
sensitivity to the yield estimation?

(3) How do these two knowledge improve the in-season estimation 
performance?

(4) How does the knowledge-encoded model perform across years 
and regions?

2. Method

2.1. Knowledge-encoded two-stream framework

The two-stream framework is proposed to embed the time-lag effect 
of climate stress on remote sensing data for estimating corn yield under 
climate stress (Fig. 1). The two streams, designed as the remote sensing 
and climate stream, receive time series data of remote sensing and 
climate data as input, respectively. Each stream implements a pyramid 
structure to hierarchically aggregate the input time series into multi- 
time-scale feature embeddings. These features of the two streams are 
then fused using the time-lag encoded cross attention to enhance the 
interaction between the two data sources. This fusion strategy differs 
from previous input-level fusion methods that stack multi-source data as 
input without any underlaying interaction knowledge. The resulting 
multi-temporal features are further constrained by a phenology sensi
tivity vector to estimate the final corn yield.

2.1.1. Remote sensing stream
The remote sensing stream employs a pyramid structure to extract 

the temporal features of the crop growth captured by weekly remote 
sensing observations. Weekly time steps are generated using temporal 
aggregation to alleviate the missing data problems (Khaki and Wang, 
2019; You et al., 2017; Zhong et al., 2023). Two Vegetation Indices 
(VIs), Wide dynamic range vegetation index (WDRVI) and Normalized 
difference water index (NDWI), are utilized as they are effective in 

Table 1 
The representative yield estimation studies incorporating remote sensing and environmental data.

Fusion method Base model Technical points Crop Year Spatial 
resolution

Author

Data 
assimilation

WOFOST Assimilating observed soil moisture using EnKF Corn 2007 50 km (De Wit and Van Diepen, 
2007)

​ WOFOST Assimilating RS retrieved LAI by recalibrating the crop 
model

Winter wheat 2011 Field (Curnel et al., 2011)

​ CERES-Maize Assimilating RS retrieved multiple variables using 
MCMC EnKF

Corn 2013 County (Ines et al., 2013)

​ WOFOST Assimilating RS retrieved LAI using EnKF Winter wheat 2016 30 m (Huang et al., 2016)
​ AquaCrop Assimilating RS retrieved biomass and canopy cover 

using PSO
Winter wheat 2017 Field (Jin et al., 2017)

​ SAFYsw Assimilating RS retrieved LAI using MCMC EnKF Corn 2019 30 m (Kang and Özdoğan, 2019)
​ AquaCrop Assimilating DL estimated multiple variables using 

MCMC EnKF
Corn 2019 Field (Han et al., 2019)

Data driven Typical ML RS estimates and CV as input Soybean 2020 County (Sakamoto, 2020)
​ Typical ML Time lag metric from multi-modal data as input Corn, Wheat, 

Soy
2019 County (Mateo-Sanchis et al., 2019)

​ ANN Concat raw data as input Winter wheat 2021 County (Feng et al., 2021)
​ LSTM Concat raw data as input Corn 2019 County (Jiang et al., 2020)
​ Dual-stream DL Concat features for final prediction Winter wheat 2022 County (Huang et al., 2022)
​ LSTM–GNN Concat features for GNN learning Winter wheat 2024 County (Peng et al., 2024)
​ ViT Multi-modal relationships learned by self-supervised 

learning
Corn etc. 2023 County (Lin et al., 2024)

​ Gated fusion Features aggregated by learnable gated fusion weights Wheat etc. 2025 Field (Mena et al., 2025)
Hybrid 

modeling
Multiple ML 
models

Training using simulation data from APSIM Corn 2021 County (Shahhosseini et al., 2021)

​ RF Training using simulation data from APSIM Wheat 2020 Site (Feng et al., 2020)
​ CNN and LSTM Training using simulation data from RSCM Rice 2022 500 m (Jeong et al., 2022)
​ GRU Training using simulation data from ecosys Corn and 

soybean
2024 Field/County (Liu et al., 2024)

​ GRU Training using simulation data from ecosys Corn and 
soybean

2023 Field/County (Yang et al., 2023)

​ XGBoost Training using simulation data from APSIM Wheat and corn 2024 Site/grid (Xiao et al., 2024)
​ Object 

optimization
Building a trainable crop process model Corn 2023 County (Chang et al., 2023)

​ Attention Adjust the attention weights for knowledge embedding Corn and 
soybean

2023 County (Qiao et al., 2023)

Abbreviations: EnKF means Ensemble Kalman Filter, RS represents Remote Sensing, LAI stands for Leaf Area Index, MCMC refers to Markov Chain Monte Carlo, PSO 
indicates Particle Swarm Optimization, ML denotes Machine Learning, CV means Climate Variables, ANN is short for Artificial Neural Network.
LSTM represents Long Short-Term Memory, GNN stands for Graph Neural Network, ViT means Vision Transformer, GRU refers to Gated Recurrent Unit, XGBoost 
indicates Extreme Gradient Boosting, APSIM stands for Agricultural Production Systems sIMulator, RSCM means Rice Simulation Crop Model.
ecosys refers to Ecosystem Model, RF denotes Random Forest, Attention indicates Attention Mechanism.
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representing the canopy cover and water status of the crop, thereby 
facilitating crop growth characterization (Gao, 1995; Gitelson, 2004). 
These two indicators also rank the highest important feature in previous 
deep learning attribution analysis (Xiong et al., 2024).

The pyramid structure comprises three layers and follows the hier
archical encoder structure from the previous study for hierarchical 
temporal feature learning (Xiong et al., 2024). The pyramid structure 
consists of multiple layers to aggregate the long input series into short 
sequences layer by layer. In the first layer, a linear transformation is 
employed on feature dimension to project the WDRVI and NDWI into 
high-dimensional feature embeddings. The second layer integrates these 
weekly feature embeddings with climate features through time-lag 
encoded cross-attention, enhancing the features relevant to durations 
affected by time-lag effects. The knowledge-encoded weekly input fea
tures are then segmented into 5 sequences corresponding to growth 
phases for further aggregation. During the whole growing season, the 
corn had 5 growing phases (GP) with varied length. GP1 was duration 
from corn planted to emerged, GP2 was the period from emerged to 
three weeks before silking. GP3 was from three weeks before silking to 
milk. GP4 was the period from milk to dented. GP5 was the duration 
from dented to mature. Therefore, the sequences hold temporal length of 
4,5,4,4,4 to align with the growing phases. These sequences are aggre
gated using an attention-based long-short term memory network 
(ATLSTM). The ATLSTM is a one-layer LSTM appended by an attention 
layer. The attention layer is composed of a linear layer with SoftMax 
activation that learned the attention weights of each hidden feature from 
previous LSTM. In the third layer, the growth phase (GP) VI features are 
combined with climate features via an additional time-encoded cross 
attention for feature enhancement. Another ATLSTM then aggregates 
these enriched GP sequences into a single high-dimensional vector for 
estimating the final crop yield. The phenology sensitivity constrains the 
attention calculation in this ATLSTM, emphasizing the importance of 
time lags that cover key phenological stages.

2.1.2. Climate stream
The climate stream uses a similar pyramid structure but incorporates 

a daily aggregation layer at the input end to extract dynamic climate 
stress from daily climate variables (CVs). Daily CVs provide much more 

temporal information compared to weekly time series. These temporal 
details enhance the ability to exploit crop features across both short- 
term and long-term temporal ranges. Four climate variables, which 
represent diverse climate conditions, constitute the daily CVs. Growing 
degree days (GDD) quantify effective heat accumulation, while precip
itation (PRCP) indicates water supply. Additionally, Killing Degree Days 
(KDD) and Vapor Pressure Deficit (VPD) are employed to reflect extreme 
heat accumulation and the degree of dryness in the air, respectively 
(Butler et al., 2018; Hsiao et al., 2019).

The pyramid structure of the climate stream consists of two layers 
utilizing Transformer encoder temporal aggregations. In the first layer, a 
linear transformation converts the 147-time-step daily climate variables 
(CVs) of 4 features into feature embeddings that match the dimension
ality of the weekly VI feature embeddings. In the second layer, the daily 
CV embeddings are enhanced by incorporating weekly VI feature em
beddings through time-lag encoded cross-attention. The enhanced daily 
CV features are segmented into 21 sequences corresponding to seven- 
day windows. Each sequence is aggregated separately using the Trans
former encoder into one feature, thus forming weekly CV embeddings. 
The Transformer encoder consists of the sinusoidal positional encoding, 
multi-head self-attention and feedforward network. The self-attention 
and feedforward network adopt the one-layer architecture. Subse
quently, these features are fused with growth phase (GP) VI features 
from the remote sensing stream using another time-lag encoded cross- 
attention. The output of the cross attention is forwarded to the remote 
sensing stream for ultimate yield estimation.

2.1.3. Knowledge-encoded fusion

2.1.3.1. Time lag quantification. In this study, time lag is defined as the 
temporal offset between the strongest climate stress events and the 
largest extreme vegetation decline. This definition differs from the 
conventional notion of lag, which typically considers the delay between 
the onset of stress and the initial vegetative response. Instead, it aims to 
capture the lagged and long-lasting damage within intervals of extreme 
stress events and the extreme canopy decay. This strategy enables the 
model to focus on the burst of stress conditions and the subsequent 
prolonged damage period to vegetation structure, which are an effective 

Fig. 1. The two stream framework to embed the time lag and phenology sensitivity in fusing remote sensing and climate data for corn yield estimation. The blue 
color represents the feature flow in remote sensing stream and the shallow yellow color represents the climate one. Shallow gray is the process of quantifying the time 
lag and phenology sensitivity. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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strategy for identifying crop responses under extreme climate stress.
The duration of the time lag is determined by the temporal position 

of extreme events as characterized by Killing Degree Days (KDD) and the 
Weighted Difference Vegetation Index (WDRVI). Drought and heat 
stress are among the two most critical environmental factors influencing 
crop growth, development, and yield processes. Climatic variables like 
VPD and KDD are often utilized as the drought and heat indicator 
respectively. Recently, heat stress has been observed with the steadily 
growing relative importance trend (Barnabás et al., 2008; Lobell et al., 
2015; Prasad et al., 2015). KDD is a temperature-based index used to 
quantify damaging heat units that can negatively impact crop yields. It 
accumulates when daily maximum temperatures exceed a defined upper 
threshold Tmax = 29 ℃, reflecting the cumulative effect of high- 
temperature stress (Butler and Huybers, 2015, 2013). WDRVI is line
arly correlation with vegetation fraction and has high sensitivity to 
moderate-to-high biomass density, representing canopy greenness dy
namics (Gitelson, 2004).

The normal and stress conditions are defined based on the yield 
deviation to historical means. 200 county-year samples are randomly 
selected from 2012 to represent stress condition, with yield deviation to 
historical means smaller than − 30 %. The same 200 counties are 
randomly selected from 2006 to 2011 to indicate normal conditions, 
which have yield deviation to historical means bigger than 0. The dif
ference time series of KDD and WDRVI, generated by subtracting normal 
conditions from stressed ones, reveal clear signals of extreme events. 
High-temperature stress is defined as KDD exceeding 3 ◦C⋅day according 
to the finds of harmful impact of high temperature on yield (Deryng 
et al., 2014; Lobell et al., 2015; Schlenker and Roberts, 2009). Signifi
cant WDRVI decay is considered to occur when surpassing 0.3 through 
trial and error. The durations from the start of maximum extreme 
climate event to the end of maximum extreme vegetation decay are 
regarded as influenced most by time lag periods.

The time lag quantification process involves comparing two time 
series representing normal and stress conditions, respectively. By 
calculating their difference over time, periods where the deviation ex
ceeds a predefined threshold are identified as potential extreme events. 
A binary mask is generated to mark these periods, and contiguous se
quences of ones in the mask, bounded by zeros, are recognized as 
distinct extreme events. The duration of each event is computed, and the 
one with the longest duration is selected as the maximum extreme event. 
The time lag is then defined as a tuple representing the durations of the 
maximum extreme events in the respective climate and vegetation time 
series. The detailed quantification process is as follows:

Let Tn(t) and Ts(t) represent the time series under normal and stress 
conditions, respectively. The difference between the two time series is 
calculated as: 

Td(t) = Tn(t) − Ts(t) (1) 

To identify periods of extreme events, a binary mask M(t) is constructed 
as: 

M(t) =
{

1,Td(t) > threshod
0, otherwise (2) 

Here the threshold defines the criterion for identifying extreme de
viations. An extreme event EEi,j is defined as a continuous sequence from 
time i to j where all values in M(t) are 1, and it is bounded by 0 s at both 
ends (i.e., M(i − 1) = 0 and M(j+1) = 0: 

EEi,j = j − i, ifM(i − 1) = 0andM(j+1) = 0and
∑j

t=i
M(t) = j − i+1 (3) 

Among all identified extreme events, the one with the longest duration is 
selected as the maximum extreme event: 

ME = argmax
(i,j)

EEi,j (4) 

Finally, the time lag duration TL is defined as a pair (MEC,MER), where 
MEC and MER represent the maximum extreme event durations associ
ated with climate and vegetation signals, respectively. TL represents the 
start and end of the time lag, which is used to mask the time region in the 
knowledge encoding process when modeling. 

TL = (MEC,MER) (5) 

2.1.3.2. Knowledge encoding using cross attention. The cross attention is 
the core components of the fusion between the two streams, with their 
attention weights constrained by the time lag knowledge to construct 
interpretable interactions (Fig. 2). Cross attention built on the self- 
attention mechanism is inherently capable of modeling interdepen
dence between any two sets of embeddings across different temporal 
scales. This property enables the fusion of features from both weekly and 
daily temporal resolutions, as well as between growth phase (GP) and 
weekly scales. The cross attention involves attending query embeddings 
from one source to key and value embeddings from another, and 
switching the query, key and values embeddings from both sources for 
cross computing, thus allowing the model to align significant informa
tion across both. However, the purely data-driven nature of cross 
attention may overlook potential cascading relationships that hold sig
nificant biological meaning in crop growth. To address this, we extract 
observed time-lag signals of climate stress on crop canopy greenness 
dynamics from the climate stress indicators and VIs. These time-lag 
signals are organized into a matrix that masks the attention weights in 
the cross-attention process, thereby incorporating biological mecha
nisms into the attention calculations. This masking strategy allows the 
model to focus more on time-lag regions, facilitating the learning of 
stress-related features for improved crop yield estimation under climate 
stress.

Taking the time-lag encoding for weighting daily CVs as an example, 
the entire encoding process consists of three stages: cross-attention 
weight learning, weight constraining, and feature enhancement. The 
weighting process of weekly RS and weekly CV follows the same time- 
lag encoding strategy as weighting daily CVs. The only differences are 
the variables for query, key, values in computing cross attention and 
temporal length of time lag in adjusting the time lag matrix. When 
implementing the weighting of weekly RS, the query is daily CVs and 
key and values are weekly RS. The time-lag matrix is transposed from 
the one used in weighting daily CVs. For weighting weekly CV, the query 
is changed into GP RS and key and values take weekly CV for computing. 
The time-lag matrix reserves the same meaning of rows and columns as 
the weighting process of daily CVs, but shortens the temporal length 
using statistical aggregation to align with GP RS and weekly CV.

Cross-attention weight learning. Initially, the cross-attention 
weights are learned following a standard self-attention structure. It 
uses the features from weekly VIs as query embeddings and attends it on 
the key embeddings generated from daily CVs. The resulting interme
diate attention map illustrates the temporal response of VIs on CVs 
anomaly, with each element reflecting the response at specific time 
steps. The detailed computing process is as follows: 

Q = HRWq (6) 

K = HCWk (7) 

αCA = softmax
(

QKT/
̅̅̅̅̅̅̅̅
C/n

√ )
(8) 

where HR and HC are the hidden features of remote sensing and climate 
streams, Wq and Wk are learnable weight matrices, C and n are the 
embedding dimension and number of heads, softmax is the activation 
function, αCA is the cross-attention map reflecting the impact of CVs on 
VIs where rows represent the temporal dimension of CVs while the 
columns representing the VIs.

Weight constraining. Notably, elements in the lower triangle of the 
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map indicate the impact of late-step CVs on early-step VIs, which is 
biologically impossible in crop growth. To constrain the cross-attention 
weights, we develop a time-lag knowledge matrix with zeros in the 
lower triangle and non-negative values in the upper triangle. This matrix 
effectively constrains the attention map through multiplication, inacti
vating attention weights in the lower and placing varied impact of time 
lag on the weights in the upper. The detailed constraining process is as 
follows: 

αTL = αCA • P (9) 

where P is the time-lag knowledge matrix, αTL is the time-lag-encoded 
attention map reflecting the delayed impact of CVs on VIs. The upper 
triangle of P contains values of 1 or 0 to provide varied response of VIs to 
CVs (Fig. 2). The time-lag regions are reshaped as the overlaps between 
the extreme climate event and the extreme vegetation decay in the map 
per sample. Samples exhibit varied length of time lags due to the varying 
intensities of stress, and the union of these overlaps is compiled to en
compasses all time lags. This union region in the knowledge matrix as
signs a value of 1 in the upper triangle, while the remaining areas in the 
upper triangle are assigned a much lower value of 0. A sensitivity 
analysis was conducted in the training set to determine this lower 
threshold, testing values from 0 to 0.5 with an interval of 0.1. As the 
RMSE differences were small across this range (Fig. S2), 0 was selected 
to effectively suppress non-time-lag regions and emphasize learning 
from time-lag-relevant features.

Feature enhancement. The knowledge matrix works as a gate on 
attention map to allow time-lag influenced features to pass, while 
partially blocking those outside the time-lag durations. The daily CVs 
are multiplied by the encoded attention map to generate weighted CVs 
with time-lag implications. These weighted CVs are summed with the 
VIs to produce enhanced remote sensing features, which are passed to 
the upper layer of the pyramid structure. The detailed enhancement 
process is as follows: 

V = HCWv (10) 

Hʹ
c = αTLV (11) 

Hʹ
R = Hʹ

c +HR (12) 

where Wv is the learnable weight matrices, Hʹ
c is the time-lag-encoded 

daily CVs, Hʹ
R is the enhanced remote sensing features using time-lag- 

encoded CVs.

2.1.4. Knowledge-encoded prediction

2.1.4.1. Phenology sensitivity quantification. Phenology sensitivity is 
measured by the correlation of principal features of drought and heat 
stress indicators with corn yield at each growing phase. KDD, VPD, and 
WDRVI are linearly projected using principal component analysis (PCA) 
to generate the principal features, reflecting heat stress, drought stress, 
and canopy chlorophyll over the growing season. The first principal 
component is used as the principal features as it captures the most 
variance in the three stress indicator. Pearson’s correlation coefficients 
for these principal features and yield are calculated at each growth 
period to construct a phenology sensitivity vector.

2.1.4.2. Phenology encoding using linear attention. The growing phase 
features generated from time-lag encoding are constrained by pheno
logical sensitivity, allowing the model to focus on the reproductive 
stages that hold the highest importance throughout the growing season. 
The features, aggregated by a pyramid structure within a single stream 
and fused through time-lag encoded cross attention between the two 
streams, represent the complex dynamics of crop growth (Fig. 1). Time 
lag effects can occur at any stage, thereby strengthening the features at 
the corresponding stages. However, not all phenological stages are 
equally important for ultimate yield. Corn yield responses to climate 
stress exhibit higher sensitivity during the flowering stage, with lower 
sensitivity observed in other stages. Therefore, embedding this pheno
logical sensitivity in the time-lag encoded growing phase features may 
enhance the modeling of critical time lag impacts on ultimate yield.

The attention mechanism is employed to integrate phenological 
sensitivity into the growing phase features by adjusting the initially 
learned attention weights (Fig. 3). Linear attention mechanisms are 
widely used to emphasize important features based on learnable 

Fig. 2. Time-lag encoded fusion using cross-attention between remote sensing and climate variables. The learned attention map between remote sensing and climate 
variables is weighted using knowledge matrix showing their time lag effect. The knowledge matrix has values 0 for the lower triangle to represent temporal causality. 
The difference time series of KDD and WDRVI, generated by subtracting normal conditions from stressed ones, are used to extract extreme events for quantifying the 
time lag duration. High-temperature events are defined as KDD exceeding 3 ◦C⋅day, while significant greenness decay is considered to occur when WDRVI difference 
surpassing 0.3. The durations of extreme high-temperature event and extreme greenness decay event are projected to a two-dimensional matrix to express the time 
lag, with the overlay region set as 1.
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attention weights (Mnih et al., 2014; Xu et al., 2021; Zhong et al., 2023). 
Many current studies adjust the distribution of these initially learned 
attention weights using quantified prior knowledge vectors for knowl
edge constraining in deep neural networks (Kim et al., 2023; Phung 
et al., 2024). These adjustments typically treat prior knowledge as co
efficients for the attention weights. In this context, the linear attention 
receives growing phase features h1, …, h5 as input. A fully connected 
layer transforms these features into initially learned attention weights 
α1, …, α5. These weights are then multiplied by a predefined phenology 
sensitivity vector s1, …, s5 to generate sensitivity-constrained attention 
weights β1, …, β5, which encode the phenological characteristics under 
climate stress. The original growing phase features are weighed by these 
encoded weights to produce phenology sensitivity-constrained feature 
embeddings. Finally, another fully connected layer aggregates these 
features to obtain the ultimate yield estimate.

The proposed model utilized the mean squared error function com
bined with L2 norm regularization as the loss function. The Adam 
optimizer is used to optimize the network. The epoch is set as 300 for 
training. The hyperparameters consist of structural hyperparameters 
including the embedding dimension and training hyperparameters like 
the learning rate. The range of hyperparameter values is pre-defined and 
optimal ones are determined through grid search. The search space and 
optimal hyperparameter configuration are provided in Table S1. The 
computation and analysis are performed on a Linux workstation 
(Ubuntu 16.04 LTS) with two Intel Xeon E5-2683 v4 Processors (2.1G/ 
16 Core/40 M), 128 GB of RAM, and one NVIDIA Tesla V100 graphics 
card (32 GB of memory).

2.2. Datasets and data preprocessing

To validate the knowledge-encoded yield prediction framework, this 
study selects the nine Midwestern states within the U.S. Corn Belt from 
2006 to 2023 for case studies. The region in the year 2012 experienced 
an unprecedented and widespread extreme drought and heat event, 
resulting in significant yield reductions and a scarcity of samples for 
studying potential future extreme events. Validating the effectiveness of 

the proposed knowledge-encoded model becomes particularly valuable 
in such a scenario with limited data. These states primarily cultivate 
rain-fed corn, with yield records collected from 769 counties via the 
USDA’s National Agricultural Statistics Service (NASS) database (USDA- 
NASS, 2020a). Only counties with yield records spanning more than five 
years were retained in the dataset to ensure the representativeness of 
yield samples over long temporal durations. The Crop Data Layer (CDL) 
provides corn maps for focusing on the corn area and generating corn- 
relevant weekly VIs and daily CVs for yield estimation (USDA-NASS, 
2020b). The masking process follows previous work (Johnson, 2014; Lin 
et al., 2020). Each county intersects with each year to establish the 
county-year entries, which were paired with daily CVs and weekly VIs to 
construct a ready-to-use dataset. The temporal length of input series 
covering from the 18th to the 38th week of each calendar year to 
encompass the entire growing season across various years and regions.

Weekly VIs are generated from the daily bands of the MCD43A3 
product, temporally aggregated into weekly time steps to reduce missing 
data (Schaaf and Wang, 2015). The MODIS MCD43A3 product provides 
optical bands at a spatial resolution of 500 m. Weekly VIs are further 
spatially aggregated at the county level using a median operation to 
match yield records. Linear interpolation and the Savitzky-Golay 
filtering approach were employed to fill narrow data gaps caused by 
clouds and cloud shadows in the weekly time series. Daily CVs are 
calculated using meteorological data from the Parameter-elevation Re
lationships on Independent Slopes Model (PRISM) dataset (Daly et al., 
2008). The meteorological data are aggregated to county levels by 
averaging. Cumulative VPD and PRCP were calculated from daily pre
cipitation and daily VPD, respectively. The calculation of GDD and KDD 
followed the methodologies of previous studies (Butler and Huybers, 
2015). Ultimately, 5,383 county-year records coupled with weekly VIs 
and daily CVs were obtained for model building and evaluation.

2.3. Baselines and performance evaluation

In this study, three widely used models are selected as baselines: 
Random Forest (RF), Long Short-Term Memory (LSTM), and 

Fig. 3. Encoding phenology sensitivity to enhance the time-lag features for predicting final yield. The process operates on top of the two-stream framework, where 
the fused features are encoded by time lag and generated from the bottom up within the framework. Phenology sensitivity is generated by the correlation of corn 
yield with principal features of KDD, VPD, and WDRVI. KDD, VPD, and WDRVI respectively reflect heat stress, drought stress, and canopy greenness over the growing 
season. The first principal component of the three indicators is calculated using PCA for measuring the correlation. Pearson’s correlation coefficients are calculated at 
each growth period to construct a phenology sensitivity vector.
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Transformer. RF is effective at handling high-dimensional data by 
treating each time step as a variable in time series tasks. The weekly VIs 
and daily CVs are concatenated to form a high-dimensional vector for 
RF. LSTM and Transformer are two representative sequential models 
inherently designed for temporal feature extraction. The standard LSTM 
network serves as the backbone to build the LSTM baseline. The 
Transformer backbone consists of a linear layer that projects the input 
variables to high dimensional features and an encoder of the original 
Transformer that processes output of linear layer. The encoder is 
composed of sinusoidal positional encoding, multi-head self-attention 
and feedforward network. These backbones employ a two-stream 
structure to utilize VIs and CVs separately, named TS-Transformer and 
TS-LSTM. Feature fusion occurs in the last layer of the model by 
concatenating the high-level features from the two data sources, 
following the same fusion strategy as previous studies (Huang et al., 
2022; Peng et al., 2024). The evaluation criteria used are the Root Mean 
Squared Error (RMSE) and the Coefficient of Determination (R2) be
tween the estimated and actual yields. The training strategy and 
computation platform were the same as the proposed model. The search 
space and optimal hyperparameter configuration of the three baselines 
are provided in Tables S2–S4.

Five experiments are conducted to demonstrate the effectiveness of 
the proposed model and address the research questions summarized in 
Section 1 (Fig. 4). We simulate the actual situation where training 
samples only acquired from historical years to examine model perfor
mance under extreme stress conditions. Counties from 2012 are selected 
for testing, while samples from 2006 to 2011 were used for model 
training. Furthermore, counties in 2013–2023 are also used for assessing 
the scalability of the model over spatial and temporal domain.

In the first experiment, we analyzed the time lag durations and 
phenological sensitivity for samples experiencing climate stress. For 

time lag analysis, we visualized the time lag patterns of the data from 
2006 to 2012 using the KDD and WDRVI time series. KDD indicates high 
temperature stress, while WDRVI represents the dynamics of canopy 
greenness in corn plants. The time lag durations quantified by VPD and 
NDWI are also analyzed, as VPD represents the drought severity and 
NDWI indicates the water status of corn plants. The time lag durations of 
samples in 2006–2011 are extracted for model training while the ones 
extracted from 2012 are used for testing. To assess the phenological 
sensitivity of these durations on corn yield, we analyzed the correlation 
between yield and a linear combination of KDD, VPD, and WDRVI on 
sample suffering from stress in 2006–2011.

The second experiment involves accuracy comparisons for evalu
ating the performance of the proposed model. The general performance 
is assessed by comparison between the proposed knowledge-encoded 
model and baseline models. To highlight the importance of each 
component, an ablation analysis is employed to assess the contributions 
of time lag knowledge, cross attention, and the two-stream backbone 
within the knowledge-encoded model. The two-stream backbone that 
combines the features using a direct sum of features of two streams 
serves as the baseline in the ablation analysis. In the third experiment, 
we validate the interpretability of the model by visualizing the attention 
map on the sample with time lag signals in 2012, confirming whether 
detailed time lag signals are effectively learned from the time series 
data. Additionally, the phenological sensitivity encoded through linear 
attention on top of the two-stream structure is visualized to analyze the 
effects of this sensitivity knowledge.

In the fourth experiment, we simulate in-season corn yield prediction 
based on the established dataset to further validate the proposed 
knowledge-encoded model. Performing real-world in-season predictions 
is challenging due to limitations in the in-season prediction algorithms 
and difficulties in obtaining accurate in-season crop maps and 

Fig. 4. Experimental design to validate the effectiveness of knowledge encoded strategy in end-of-season, in-season, and spatial–temporal transferring performance 
of the proposed model.
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constructing high-quality input time series. To gain insight into the in- 
season potential of proposed knowledge-encoding strategy, we set 
aside the preprocessing challenges inherent in real-world situations and 
regard this dataset as an optimally prepared resource. This allows us to 
focus on testing the capabilities of the proposed knowledge-encoding 
models for in-season yield estimation.

The experiment is conducted at various yield anomaly levels to 
demonstrate the capability of proposed model across varied degrees of 
climate stress. The yield anomaly is calculated as the percentage change 
of yield in 2012 relative to the historical average yield from 2006 to 
2011. The yield anomaly is then divided into four quartiles, with each 
group containing an equal number of samples. The first quartile repre
sents the lowest yield loss that is closer to yield distribution in normal 
years, while the fourth quartile corresponds to the highest yield loss. The 
pre-trained end-of-season model, combined with the knowledge matrix 
and historical mean-masked in-season time series, is first used to vali
date the in-season feature extraction behavior. The later time steps of the 
full-season input time series are masked using historical mean values to 
capture the yield response of earlier time steps. We then compare these 
predictions across different yield anomaly levels to reveal how the 
knowledge matrix enhances model prediction behavior. In the second 
part of this experiment, the proposed model structure is re-trained using 
historical in-season time series to predict ultimate yield. The dynamics 
of prediction performance across different yield anomaly levels could 
indicate the occurring time of the largest accuracy improvements and 
optimal lead time for various degrees of climate stress.

In the final experiment, we deeply conduct the spatial–temporal 
transferring experiment within the US Corn Belt in 2013–2023, espe
cially geographically diverse regions with sub-regional extreme climate 
stress. The proposed model, pre-trained using data from 2006 to 2011, is 
evaluated on all counties in 2013–2023. Furthermore, we validate the 
model performance in counties with severe yield loss related to extreme 
sub-region climate stress. As corn yield is significantly influenced by 
climate stress during flowering stages, the target counties are those 
having large KDD anomalies within 55–80 days from 18th week, which 
is also the main duration that caused the severe yield loss in 2012. The 
KDD anomalies are quantified using the percent deviation to historical 
averages of total KDD. The spatial distribution of the KDD anomalies 
during this period shows similar patterns of yield loss, which is repre
sented by detrended yield calculated from linearly fitted trend from 
2006 to 2023 (Fig. S5). The counties with top 10 % yield loss and KDD 
anomalies exceeding 30 % compared to the historical average are 
selected for evaluating the proposed model in sub-region extreme 
climate stress.

3. Results

3.1. Prior knowledge under climate stress

Large gaps are observed in both KDD and WDRVI under stress and 
normal conditions, though the temporal positions of the largest gaps 
differ between these two indicators (Fig. 5). The mean time series of 
daily KDD, averaged over the study area for the historical year, is 
visualized alongside the daily KDD for 2012, using the same averaging 
method. The daily mean KDD in normal conditions shows significant 
differences compared to stress conditions, particularly during the period 
ranging from the Day 60 to Day 70. The difference values in KDD be
tween stress and normal conditions reaches nearly 10.00 ℃ days during 
this period, indicating that an extreme high-temperature event occurred. 
Similarly, the mean time series of WDRVI for both climate conditions is 
generated using the same aggregation method as KDD. A substantial 
reduction of WDRVI between normal conditions and stress conditions 
begins around the 60th day, coinciding with the onset of high- 
temperature stress. This reduction continues from the Day 60 to 
approximately Day 105 to reach its peak. The similar large gaps and 
their temporal positions are also observed in both VPD and NDWI 
(Fig. S1).

Time lags exist between the extreme high-temperature event and the 
maximum reduction in crop greenness as shown in the difference time 
series (Fig. 5c). The difference time series of KDD and WDRVI represents 
the contrast between stress and normal conditions. The lowest trough of 
the WDRVI difference lags the highest peak of the KDD difference by 
around 45 days, with the WDRVI trough occurring around Day 105 and 
the temperature peak starting from the Day 60. The similar time lag 
phenomena caused by extreme climate stress is also observed in summer 
corn in North China Plain (Liu et al., 2018) and in the global cropland 
(Wu et al., 2015). Day 60 aligns with the beginning of the silking stages 
when stress has the most significant impact on ultimate yield throughout 
the growing season. It may explain the severe yield loss experienced in 
the U.S. Corn Belt in 2012 as extensively studied in previous research 
(Butler and Huybers, 2015; Challinor et al., 2014). The prolonged 
reduction of WDRVI from the Day 60 to the Day 105 indicates a lasting 
and time lagged decline in canopy greenness. This decline reflects 
reduced chlorophyll content and fewer leaves on corn plants, limiting 
photosynthesis for generating the organic matter that determines ulti
mate yield. Thus, the extended duration and time lags might present the 
inevitable negative impacts of climate stress on ultimate yield, which 
crops cannot overcome through recovery. The similar time lags between 
the extreme high-VPD event and the maximum reduction in NDWI are 
also captured in the VPD and NDWI difference time series (Fig. S1(c)).

The climate stress indicator and vegetation index exhibit the highest 

Fig. 5. Temporal profiles of KDD and WDRVI and their difference under stress and normal condition. (a) Mean time series of KDD in stress and normal conditions. 
200 samples of the stress condition are randomly selected from 2012 with percent yield deviation to historical means smaller than − 30%. 200 samples of the normal 
condition, the same counties as in 2012, are randomly selected from 2006 to 2011 with yield deviation to historical means bigger than 0. (b) Mean time series of 
WDRVI in stress and normal conditions. (c) Differences between indicators under stress condition and under normal condition.
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correlation with yield during GP3 and GP4, respectively, throughout the 
growing season (Fig. 6). The crop progress report from the USDA out
lines the following growth periods: GP1 represents the duration from 
corn planting to emergence; GP2 covers the period from emergence to 
three weeks before silking; GP3 spans three weeks before silking to the 
milk stage; GP4 extends from milk to dent; and GP5 lasts from dent to 
maturity. KDD and VPD show the strongest negative correlation with 
corn yield in GP3. This indicates that heat and drought stress occurring 
during the silking stage have the worst impact on yield. The milk stage 
(GP4) ranks second in terms of negative effects on yield, as it displays 
the second-largest negative correlation. WDRVI demonstrates the 
highest positive correlation with corn yield in GP4, with a slightly lower 
correlation in GP3. This underscores the importance of crop canopy 
greenness in the grain-filling process for yield formation.

Phenology sensitivity measured by the correlation of principal fea
tures with corn yield is highest in GP3, followed by GP4 (Fig. 6d). KDD, 
VPD, and WDRVI are linearly projected using principal component 
analysis (PCA) to generate the principal features, reflecting heat stress, 
drought stress, and canopy chlorophyll over the growing season. Pear
son’s correlation coefficients for these principal features and yield are 
calculated at each growth period to construct a phenology sensitivity 
vector. The profile of phenology sensitivity resembles a hill with GP3 as 
the peak and other GPs descending, aligning with previous field exper
imental results on stress impacts on reproductive processes in crops 
(Barnabás et al., 2008). GP4 is identified as the second most sensitive 
stage after GP3, emphasizing the critical role of chlorophyll in photo
synthesis for producing grain organic matter.

3.2. Yield estimation performance

The accuracy of the knowledge-encoded two-stream framework 
significantly surpasses that of the baselines (Fig. 7). The proposed model 
achieves the best end-of-season yield estimation for 2012, with a RMSE 
of 1.17 Mg ha− 1 and a R2 of 0.78. The other two two-stream neural 
networks follow the proposed model, with RMSE values of 1.43 Mg ha− 1 

and 1.54 Mg ha− 1, and R2 values of 0.67 and 0.62, respectively. The 
superior performance of the proposed model compared to the other two- 

stream models highlights the advantages of knowledge-encoded fusion 
over previous simple concatenation of separate data sources in 
extracting features. In contrast, the random forest model (RF) under
performs the three two-stream networks, achieving an RMSE of 1.68 Mg 
ha− 1 and an R2 of 0.54. This indicates that treating each time step as an 
independent variable is insufficient for processing multivariate time 
series data characterized by complex temporal interactions.

KETS generally exhibits lower absolute errors across the entire re
gion, with different spatial patterns of error distribution in northern and 
southern (Fig. 8). Baseline models show notable overestimation in the 
southern regions, where extreme heat and drought were most pro
nounced. By contrast, KETS significantly reduces this overestimation, 
indicating better performance under extreme climate conditions. In the 
northern regions where the model is prone to underestimation, the KETS 
achieve comparable performance with the baselines. In several western 
counties where TS-LSTM tends to significantly underestimate yield, 
KETS produces more accurate estimates with smaller underestimation 
errors. These results highlight the advantages of KETS in capturing 
spatial heterogeneity of crop responses under climate stress and 
reducing regional biases in yield estimation.

Incorporating cross attention into the two-stream framework 
significantly enhances model accuracy, while embedding prior knowl
edge also contributes to improvements in accuracy (Fig. 9). The Two
Stream backbone fusing features using a direct feature sum, yield poor 
accuracy with an RMSE of 1.97 Mg ha− 1 and an R2 of 0.37. It suggests 
that a simple sum does not effectively align features from different 
sources. In contrast, the incorporation of cross attention into the Two
Stream backbone learns the attention weights of both VIs and CVs for a 
weighted sum. This approach significantly enhances performance, 
achieving a lower RMSE of 1.36 Mg ha− 1 and a higher R2 of 0.70. The 
substantial improvement in performance demonstrates the effectiveness 
of the cross-attention mechanism in aligning features from diverse 
sources and modeling their interactions. Furthermore, the knowledge- 
encoded cross attention outperforms the pure cross attention imple
mentation, with RMSE improved from 1.36 Mg ha− 1 to 1.17 Mg ha− 1 

and R2 increased from 0.70 to 0.78. The interaction modeling capability 
of vanilla cross attention derived from natural language processing, 

Fig. 6. Phenology sensitivity quantified from historical stress samples in 2006–2011. (a) KDD; (b) WDRVI; (c) VPD; (d) Phenology sensitivity of yield on principal 
features over all GPs. Principal features are the first principal component of PCA reduced features from KDD, VPD and WDRVI.
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typically overlook the temporal causal relationships between time steps. 
The results indicate the temporal causation brought by the knowledge 
encoding could improve performance compared to pure cross attention 
modeling.

3.3. Model interpretation through cross-attention map and linear 
attention weights

The knowledge-encoded cross attention map shows time lag signals 
after the flowering stage, while the vanilla cross attention distribution 
exhibits some randomness (Fig. 10). The encoded weights for weighting 
daily CVs show hot regions after the silking and dent stages, repre
senting the time lag response of VIs to CVs. The weights for weighting 

weekly CVs also display the highest time lag response after the silking 
stage, aligning with the distribution observed in the input time series 
shown in Fig. 5. The more compact time lag patterns for weekly CVs 
compared to daily CVs may stem from the pyramid structure for high 
level feature aggregation, resulting in less noise. The cross-attention 
weights for weighting VIs differ from those on CVs, with CVs having a 
higher influence on VIs from early emergence to the middle silking 
stages. These results indicate that the knowledge encoded cross atten
tion captures the temporal dynamics during this period, where VIs vary 
significantly along the growing season and are sensitive to environ
mental perturbations. In contrast, the vanilla cross attention weights 
show a random distribution on daily CVs and weekly VIs, retaining some 
time lag patterns on GP CVs during the planting stages, which are less 

Fig. 7. The end-of-season performance of the proposed model compared to the baselines. KETS” means the knowledge-encoded two-stream framework.

Fig. 8. The spatial distribution of the absolute yield error of the proposed model compared to the baselines in 2012.

Fig. 9. The ablation results of different main parts of proposed knowledge encoded two-stream framework. “CA” means cross attention. “KE” means knowl
edge encoded.
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critical for yield compared to the silking stage. The results demonstrate 
that cross attention enables the two-stream model to learn patterns from 
separate data sources, while the knowledge-encoded attention weights 
can direct these patterns, emphasizing the importance of incorporating 
knowledge to guide the model’s focus on critical time lag patterns 
during key stages.

The phenological sensitivity encoded in the attention maintains its 
highest value during the silking to dent stages, compared to the highest 
value in maturity stage observed without attention constraints (Fig. 11). 
The knowledge-encoded attention weights increase from GP1, peaking 
at GP4, followed by a decline at GP5. This distribution indicates that 
phenological sensitivity effectively guides the linear attention to focus 
on the silking to dent stages, thereby strengthening the time lag-encoded 
features. In contrast, the other two data-driven linear attention mecha
nisms exhibit a monotonically increasing trend with varying magnitudes 
across each GP. The two-stream model shows gradually increasing 
attention weights along the GPs, while the cross attention two-stream 

model exhibits a more pronounced upward trend, with GP5 signifi
cantly higher than the other four GPs. The increasing trend of the data- 
driven linear attention weights has also been documented in previous 
data driven studies (Lin et al., 2020), which indicates that without any 
prior knowledge constraints, the model would struggle to capture the 
biophysical meaningful features during the silking to dent stages.

3.4. In-season prediction based on time lag

The pre-trained KETS continues to predict lower yields for samples 
suffering from stress, while predictions for normal samples remain un
changed (Fig. 12). Prior to the 60th day, predictions on both stressed and 
normal samples show an increasing value to their peaks. This phenom
enon may be attributed to the model’s ability to extract more effective 
features as real data accumulates, resulting in higher yield forecasts. 
Following the 60th day when stress occurred, the model predicts 
increasingly lower yields for stressed samples, while the predicted yield 

Fig. 10. The knowledge encoded and pure data-driven cross attention map of cross attention on daily CVs, weekly VIs, and GP CVs with sample having time lag 
signals in 2012.

Fig. 11. The linear attention weights of knowledge encoded two stream model, cross attention based two stream model, and the two stream model.
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for normal samples remains at its peak. The decline of predicted yield in 
stressed samples aligns well with the occurrence of extreme high- 
temperature drought stress, indicating that the time-lagged model 
effectively captures stress signals to enhance yield estimation. Further
more, across various yield anomaly levels, greater yield anomalies 
correlate with lower predicted yield values, demonstrating the model’s 
capacity to detect differences in yield loss due to stress.

In scenarios of extreme yield reduction, the model employing the lag 
effect matrix achieves lower prediction errors compared to the model 
without this feature (Fig. 12). Before the 60th day, both models expe
rienced increasing prediction errors as extreme stress has not yet 
occurred, and predicted yields are closer to normal conditions. After the 
60th day, the model with the lag effect matrix begins to reduce esti
mation errors immediately, whereas the model without this effect only 
starts to lower errors around the 80th day. This finding suggests that 
incorporating lag effects enables the model to respond more swiftly to 
stress, which is advantageous for mid-season yield estimation.

The lag effect significantly improves the accuracy starting from the 
flowering period at yield anomaly levels of 2nd-4th quartile, allowing 
for yield predictions up to 8 weeks in advance (Fig. 13). From the end of 
GP2 to the end of GP3, the In-season yield estimation accuracy improved 
the most, and this period coincided with the beginning of the extreme 
event lag. From the end of the flowering period, the mid-season yield 
estimation accuracy of the yield estimation model reached a high level, 
and the end-of-season yield could be predicted 8 weeks in advance. The 
lowest yield anomaly level has low in-season yield prediction perfor
mance of all the GPs, but showing a slight decreasing trend in the per
formance, with RMSE rising from 1.40 to 1.60 Mg ha− 1. This might be 
related to closer feature distribution to the normal samples in 0–25 % 
yield anomaly level while the knowledge encoded model is prone to 
handling the sample suffering from extreme stress.

3.5. Spatial-temporal transferring

The KETS model outperforms all baseline models across counties 
over the years of 2013–2023, including the recently developed DDCN 
(Fig. 14). KETS achieves the lowest overall RMSE of 1.34 Mg ha− 1, 
followed by closely by TS-Transformer (1.35 Mg ha− 1) and TS-LSTM 
(1.37 Mg ha− 1). These three two-stream models exhibit comparable 
performance in counties during normal years, with KETS performing 
slightly better across most scenarios. In contrast, DDCN and RF show the 
lowest accuracies, with RMSEs of 1.41 Mg ha− 1 and 1.47 Ma ha− 1, 
respectively. The higher accuracy of the two-stream models over DDCN 
and RF highlights the effectiveness of modeling remote sensing and 
climate data separately and fusing them at deeper feature levels in 
normal years. The relatively poor performance of DDCN, despite its 
advanced hierarchical structure, suggests that unified feature encoding 

without explicit variable separation may limit the model’s ability to 
disentangle modality-specific signals.

KETS outperformed all baseline models in counties affected by 
extreme heat stress and maintained strong performance across most 
years from 2013 to 2023 (Fig. 15). These counties were geographically 
diverse and distributed throughout the US Corn Belt, covering a wide 
temporal span. KETS achieved the lowest overall RMSE of 1.05 Mg ha− 1, 
followed by TS-Transformer (1.15 Mg ha− 1) and RF (1.20 Mg ha− 1). The 
DDCN performed comparably to RF with RMSE of 1.23 Mg ha− 1. The TS- 
LSTM exhibited the highest RMSE of 1.78 Mg ha− 1. The results 
demonstrate the effectiveness of explicitly encoding time lag and 
phenology sensitivity for yield estimation under extreme stress condi
tions. In the yearly evaluation, KETS outperformed the baselines in most 
years, except for 2020 and 2021. In contrast, the TS-LSTM performed 
very well in these two years, while it underperformed significantly in 
2013, 2018, and 2023. The stressed counties in 2020 and 2021 were 
primarily located in the northern Corn Belt, while those in 2018 and 
2023 were concentrated in the southern regions. This contrast may be 
attributed to latitudinal differences in stress conditions.

4. Discussion

4.1. Performance across varying extreme levels

The model accuracy exhibits distinct patterns across varying levels of 

Fig. 12. The model predictions based on in-season time series generated using the historical mean mask. (a) Prediction using the time lag matrix on normal samples 
compared to various yield anomaly samples. The yield anomaly is calculated as the percentage change of yield in 2012 relative to the historical average yield from 
2006 to 2011. The four quartiles of yield anomaly contain an equal number of samples. The first quartile indicates the lowest yield loss, while the fourth quartile 
indicates the highest yield loss. (b) Prediction errors with and without the time lag matrix for yield anomaly samples in the fourth quartile.

Fig. 13. The in-season prediction performance of the re-trained model among 
the four yield anomaly levels. The yield anomaly is the percentage change of 
yield in 2012 to the historical average yield in 2006–2011. The four quartiles of 
yield anomaly contain an equal number of samples, with the first quartile 
indicating the lowest yield loss and the fourth quartile indicating the highest 
yield loss.
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extreme climate stress in 2012 which experienced extreme climate event 
(Fig. S3). All counties in 2012 were included in the analysis, and the 
samples were divided into four bins based on the quartiles of the daily 
average KDD to represent different stress levels. The daily average KDD 
is quantified during the flowering period (55–80 days from the 18th 
week). The results show that the model maintained relatively high ac
curacy under KDD values of 3 ~ 5 ℃⋅day, which represent the moderate 
levels of extreme heat stress. This demonstrates the robustness of the 
model under extreme conditions. However, performance declined under 
the most severe stress levels, likely due to crop failure that disrupted the 
extraction of time-lag signals. Future improvements might require other 
advanced measurement of stress-induced signals and develop dedicated 
modules to more effectively capture them.

4.2. Spatial and temporal transferability

The performance of the proposed KETS model exhibits distinct 
spatiotemporal patterns across regions and years. The spatial distribu
tion of the training and testing sets (Figs. S4 and S5) shows that counties 
experiencing extreme stress and yield loss were mainly located in the 
southern to central regions of the U.S. Corn Belt in 2010 and 2011, with 
a few counties in the northern Corn Belt in 2006 and 2007. KETS 

achieved superior performance in the central Corn Belt but showed 
relatively lower accuracy in the northernmost and southernmost 
counties (Fig. 8). Similar latitudinal patterns were observed in Fig. 15, 
where KETS attained the highest accuracy in southern and central 
counties but lower accuracy compared with baselines in northern 
counties in 2021. This suggests that KETS may be more prone to 
capturing patterns in major southern and central regions, which differ 
phenologically from minor northern regions. Since time lags are 
extracted from raw time series, shifts in phenological timing between 
northern and southern areas may result in different temporal patterns.

Temporally, the model performs well in most years but fails in a few 
years influenced by latitudinal differences (Fig. 15). Years characterized 
by a higher proportion of southern counties, such as 2018, 2022, and 
2023, generally exhibit better KETS performance. In contrast, years 
dominated by northwestern counties, particularly 2020 and 2021, show 
reduced accuracy. These declines are likely associated with mismatches 
in crop phenology, where later planting dates, delayed vegetative 
development, and shorter growing seasons in northern regions introduce 
temporal shifts that challenge the model’s ability to generalize 
(Abendroth et al., 2021; Yang et al., 2025; Zhou et al., 2024).

Both spatial and temporal analyses reveal limitations of KETS along 
the latitudinal dimension, with reduced performance in geographically 

Fig. 14. The overall performance of KETS over all counties in 2013–2023 compared to baselines.

Fig. 15. Model performance in counties experienced severe yield loss due to extreme sub-regional heat stress. (a) Spatial distribution of counties with significant 
yield loss attributed to extreme heat stress. (b) Model accuracy in these heat-stressed counties. (c) Year-by-year performance of different models in heat- 
stressed counties.
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diverse regions remaining an open question and a critical area for future 
research. Future extensions of the KETS framework could incorporate 
spatial prior knowledge into the cross-attention mechanism to better 
account for regional phenological variability. Introducing spatially 
aware modules may help mitigate biases in time-lag extraction and 
phenology sensitivity modeling arising from ecological differences 
across latitude zones.

4.3. Application for other stress-induced signals

The proposed method of fusing prior knowledge can be extended to 
various climate stresses on different vegetations. Existing studies have 
revealed the time lag effects of other climate stresses on different crops 
(Jiang et al., 2025; Liu et al., 2018). The cross-attention mechanism in 
KETS is modular and flexible, allowing it to integrate time-lag signals 
between climate variables and vegetation responses regardless of the 
stressor types or the target crop. By converting these time lag effects into 
numerical matrices representing their interactive effects, the proposed 
framework could be used to encode the time lag effects of different 
climate stresses (such as floods and frost) on different crops. In a larger 
ecosystem range, natural vegetation such as forests have also been 
remotely sensed to have significant time lag response to climate stress 
(Dou et al., 2024; Gao et al., 2025; Liu et al., 2016; Pastor-Guzman et al., 
2018; Wu et al., 2015). The method proposed in this paper could also be 
applied to the encoding of the delayed response of different vegetation 
in the ecosystem to climate dynamics, which could be used for different 
modeling and estimation tasks in the ecosystem.

However, the extraction of time-lag knowledge from raw time series 
still requires crop-specific domain expertise. Different crops exhibit 
distinct phenological stages and physiological responses to environ
mental stress, which may manifest as different lag structures in the 
remote sensing and climate signals. For instance, the 45-day time lag 
used in this study is tailored to heat stress in maize (Fig. 5), and may not 
directly apply to crops like wheat, where sensitivity to heat often peaks 
during grain filling (Lobell et al., 2015; Zampieri et al., 2017). Extending 
KETS to other crops would require careful definition of stress indicators 
and time-lag intervals based on the physiological characteristics of each 
crop. This may involve domain knowledge or automated extraction 
techniques. In future work, the model could involve adaptive modules 
that can learn crop-specific or stress-specific time-lag patterns directly 
from data, enabling more generalizable applications across a broader 
range of agricultural systems.

In addition to the time lag effect, which is the temporal response of 
vegetation to the environmental drivers, this knowledge-encoded multi- 
source data fusion method can also adapt to other interactive modeling 
of vegetation and the environment. As long as the interactive effects of 
different data sources can be quantified as numerical vectors, the cross- 
attention mechanism can match their mutual effects to promote their 
embedding. This flexibility of the proposed knowledge encoding method 
paves the way for future studies exploring the interactions between 
different environmental variables and their collective impact on agri
cultural systems.

4.4. Cross attention for embedding knowledge

As a method that empowers learnable weighting between variables, 
cross attention can be used as a model-agnostic basic component to 
combine crop mechanism knowledge with multi-source data. At the 
county level, data-driven models have gradually become the main 
method for crop yield estimation in recent years (Butler and Huybers, 
2015; Ma et al., 2021; You et al., 2017). The lack of yield labels for 
random events such as extreme stress makes it difficult for data-driven 
models to make full use of their feature learning advantages. Cross- 
attention can learn patterns directly from data while allowing atten
tion weights to be adjusted through prior knowledge. This ability is 
useful in extreme stress scenarios because it can finish partial feature 

expression by embedding knowledge, thereby reducing the reliance on 
learning features using data. At the same time, when the number of yield 
labels increases, cross-attention can use its pure data-driven ability to 
learn complex patterns from vast amounts of remote sensing observa
tions and climate records, ensuring its adaptability to varied data 
volume.

At the field scale, the typical method characterizing the impact of 
stress on crop growth is to multiply the stress impact coefficient to a 
specific process equation in the crop model. This characterization is 
simplified and requires several years of field experiments for parameter 
improvement and correction, which is labor-intensive and time- 
consuming. As a learnable weighting method, cross attention is similar 
to the weighting strategy in the crop model. It can be used as an alter
native to automatically learning weights from measured data for 
weighting the existing process in crop model, reducing the huge work
load of manual parameter adjustment. Cross attention can also fuse data 
on different time scales. This feature enables us to fuse weekly and 
monthly remote sensing observations and daily state variables of crop 
model, which offer a new method for making full use of remote sensing 
data.

Cross attention not only supports simple pairwise fusion, but it can 
also accommodate the integration of three or more data sources, thereby 
promoting a more comprehensive modeling of complex interactions in 
crop growth. The crop interacts with soil content, atmospheric condi
tions, and human practices from seedling to maturity. Understanding 
the complex interactions between impacts of various environmental 
factors facilitate effective regional-specific decision making. Remote 
sensing technology provides effective tools for retrieving the environ
mental variables to monitor the interactions in crop production systems 
(Shuai and Basso, 2022). Cross attention could be used as a basic unit to 
model the multivariate relationship among these remotely sensed soil, 
climate, and management variables through the multiple cascading in a 
hierarchical manner. That is, cross attention weighted features from two 
variables are fused with the third variable using another cross attention. 
This strategy has been demonstrated in biological area where re
searchers employ the cascading attention calculations to model three or 
more multi-source signals for protein folding (Abramson et al., 2024; 
Jumper et al., 2021).

4.5. Limitations and future work

This study validates the feasibility of cross attention to encoding 
stress-related knowledge using several publicly accessible datasets. The 
public datasets are often of low spatial resolution in remote sensing, 
climate variable, and the yield records, which limit in precisely char
acterizing the complex interactions between crop growth and environ
mental factors. The lack of reliable and widespread sub-county yield 
records also presents a significant challenge to fully capture the sub- 
county heterogeneity and generate high-resolution maps. Addressing 
this limitation is a crucial direction for future work. More field-level 
datasets are expected to be released to further evaluate the effective
ness of the proposed methods, as an increasing number of dataset 
journals and platforms are being established to support data sharing. 
Advances in satellite technology and climate monitoring are also ex
pected to produce more higher-resolution crop surface indicators, 
providing richer and more diverse agricultural data for better applica
tion at finer spatial scales (Prasad et al., 2015). Although collecting high- 
resolution field-level yield labels is resource-intensive, many efforts 
have been taken to develop the weakly learning or transfer learning on 
the county level yield to generate field or subfield yield predictions (Ma 
et al., 2024; Paudel et al., 2022). By integrating our framework with 
these advanced learning strategies, future research could extend our 
model to produce high-resolution yield prediction maps, offering more 
precise and actionable insights for agricultural practice.

The spatial heterogeneity of time lag effects on corn yield estimates 
has not been fully explored in this study. This study focuses on using 
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cross-attention to effectively embed prior knowledge into the temporal 
dimension. Crop production exhibits spatial heterogeneity that could be 
partially captured by temporal feature extraction. Specially designed 
spatial modules may help adequately accommodate feature differences 
across larger regions. Future studies can extend the application of cross- 
attention to effectively integrate spatial prior knowledge from different 
regions. In addition, the use of large language models to incorporate text 
information from large spatial scales might be a potential method for 
enhancing the spatial features.

Additionally, this study utilizes a crop type map and commonly used 
preprocessing techniques to ensure a high-quality and ready-to-use 
dataset for validating the capabilities of proposed model. However, 
the Cropland Data Layer (CDL) dataset used to extract the corn area is 
only available at the end of the season, making it challenging to use for 
in-season corn feature extraction in current real-world applications. One 
direct strategy is to use crop type data from the previous year, although 
this approach may introduce some errors. A better option is to use po
tential alternatives to the CDL, as an increasing number of studies have 
proposed advanced methods for mapping in-season crop types (Cai 
et al., 2018; Gallo et al., 2023; Lin et al., 2022; Rußwurm et al., 2023). 
Moreover, the Savitzky-Golay filtering employed for optimally 
smoothing the weekly time series requires information from several 
future observations. Recently launched satellites, such as Sentinel-2 and 
Landsat 9, offer high temporal resolution images, which can reduce 
errors when compositing images every week. Furthermore, newly 
developed algorithms for cloud removal and missing value reconstruc
tion present promising tools for generating high-quality time series data, 
reducing the need for smoothing techniques during the preprocessing 
step (Gonzalez-Calabuig et al., 2025; Xu et al., 2022).

5. Conclusion

In this study, we explicitly encode the time lag effect and phenology 
sensitivity into a framework by attention mechanisms for estimating 
crop yield under extreme climate stress. The framework employs two 
streams of pyramid structure to respectively aggregate remote sensing 
and climate time series into feature embeddings. A cross attention is 
adopted to encode time lag effect in fusing these two streams of em
beddings and a phenology-sensitivity-guided linear attention is applied 
atop the framework for encoding sensitivities. Evaluation results 
demonstrate significant temporal delays in the extreme stress event and 
the maximum vegetation decay event with an average of 45 days, 
indicating that extreme temperature events lead to delayed reductions in 
crop greenness and negative impact yield. The knowledge-encoded two- 
stream model achieved an RMSE of 1.17 Mg ha− 1, significantly out
performing baseline models, which underscores the superiority of 
knowledge-guided data fusion over traditional methods. Furthermore, 
model structure ablation analysis revealed that the cross-attention 
mechanism and time-lag encoding significantly enhance performance. 
The model interpretation analysis showed that cross-attention mecha
nisms effectively identify time lag patterns and elucidate the in
teractions between environmental factors and crop responses, providing 
valuable insights into yield formation processes. The in-season analysis 
demonstrates the proposed model could capture extreme stress occur
rence, allowing for accurate yield predictions up to 8 weeks in advance, 
thereby supporting proactive agricultural management and decision- 
making. The spatial–temporal transferring results highlight the supe
rior generalization capability of the proposed model. The model 
generally outperformed baseline models across counties from 2013 to 
2023. The superior performance was pronounced in regions significantly 
impacted by extreme heat stress. Moreover, the model demonstrated 
stable performance across most years. Overall, this research highlights 
the effectiveness of cross attention to integrating crop-environment 
interaction signals induced by extreme stress. This encoding strategy 
could improve early warning systems for crop failures under extreme 
climate conditions, thereby contributing to enhanced agricultural 

resilience and food security.
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