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Abstract 

This study identifies environmental response windows in cabbage growth using daily smart-farm data 

from April to July 2025. Crop growth responses to environmental conditions may occur immediately, 
with delay, or through cumulative interactions over time, making a single fixed lag structure potentially 

restrictive. To address this issue, the study compares fixed-lag Granger causality, variable lag Granger 

causality with Dynamic Time Warping (DTW), and sparse lag selection models. The analysis focuses 
on two cabbage growth outcomes, weight growth and leaf growth, and five environmental variables: 

temperature range, humidity, rainfall, insolation, and average wind speed. The results show that fixed-

lag Granger causality provides useful benchmark evidence but is sensitive to the imposed lag order. 
DTW based variable lag diagnostics indicate flexible temporal alignment, particularly for leaf growth, 

but delay direction diagnostics suggest that many alignments are difficult to interpret as causal timing 

evidence. Sparse lag-selection provides clearer evidence of specific environmental response windows. 

In the basic sparse model, humidity at lag 13 is negatively selected for both weight growth and leaf 
growth, while temperature range at lag 9 is positively selected for both outcomes. In the growth stage 

controlled model for weight growth, temperature range is positively selected at lags 3, 9, 11, and 12; 

rainfall is negatively selected at lags 3 and 4; humidity shows mixed lagged associations; and average 
wind speed is selected at lag 6. These findings suggest that sparse lag selection can complement DTW 

based variable lag analysis by identifying specific lag positions relevant to smart farm crop growth 

monitoring and decision support. 

Keywords: Smart farm data, Cabbage growth, Dynamic Time Warping, Granger causality, Sparse lag 

selection 
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1. Introduction 

Smart-farm monitoring systems are increasingly generating high frequency data on crop growth and 

environmental conditions. These data provide new opportunities to understand how crop development 
responds to changing weather and field conditions. However, transforming smart-farm data into 

meaningful production information requires empirical methods that can reflect the dynamic nature of 

biological growth. Crop responses to environmental conditions are rarely immediate. Temperature, 
humidity, rainfall, solar radiation, and wind conditions may affect crop growth after several days or 

even over longer delayed windows. Therefore, a key empirical challenge is to identify not only whether 

environmental variables are related to crop growth, but also when their effects are most likely to appear.  

Conventional time-series approaches, including Granger causality, provide a useful starting point for 

analyzing lagged relationship between crop growth and environmental conditions. In this framework, 
past values of one variable are tested for whether they improve the prediction of another variable, 

conditional on the outcome’s own past values. However, Granger causality results depend critically on 

the specified lag structure. Fixed-lag (specified) approaches typically require researchers to impose a 
lag selection, which may be too restrictive for crop growth applications. Environmental variables can 

influence growth over different response windows: some effects may appear quickly, whereas other 

may emerge through delayed, cumulative, or interacting processes over the growing period. As a results, 

models based on a single fixed-lag structure may overlook important timing in crop responses.  
Previous research on highland cabbage growth addressed this issue by applying dynamic time warping 

and arbitrary lag causality methods. Lee (2022) demonstrated that cabbage weight and growth 

environment variables are connected through flexible temporal relationships rather than fixed one to 
one time matching, and further showed that Granger causality with Dynamic Time Warping (DTW) 

algorism was more effective than conventional Granger causality (fixed-lag) in capturing the dynamic 

relationship between cabbage weight and weather variables. This approach is consistent with the 
broader variable lag Granger causality framework, which relaxes the fixed delay assumption in standard 

Granger causality and allows causes to influence effects with arbitrary time delays (Amornbunchornvej, 

et. al, 2021; Stübinger and Walter, 2022). DTW has also been widely used in agricultural time series 

applications, particularly crop monitoring and crop mapping, because it can handle temporal 
misalignment across crop development patterns (Belgiu, et. al., 2020). However, DTW based variable 

lag analysis has a remaining limitation. While it can detect the presence of time warping, it does not 

directly indicate which lag positions are most important for crop growth responses. Moreover, the 
alignment path generated by DTW may be difficult to interpret causally, since flexible alignment can 

sometimes imply a temporal ordering that conflicts with the expected direction from environmental 

conditions to crop growth. This limitation motivates the use of an additional lag selection approach that 

can identify more interpretable environmental response windows. 

The objective of this study is to identify interpretable lag structures between environmental conditions 
and cabbage growth using daily smart-farm data. Building on previous DTW based variable lag analysis, 

this study moves beyond detecting whether flexible temporal alignment exists and focuses on 

identifying which specific lagged environmental variables are most relevant for crop growth responses. 
To achieve this objective, the study compares conventional lag Granger causality (fixed-lag), DTW 

based variable lag diagnostics, and sparse lag selection models. In particular, the sparse lag selection 

model is used to identify variable lag positions of temperature range, humidity, rainfall, insolation, and 
average wind speed for predicting daily cabbage weight growth and leaf growth. Because cabbage 

weight growth is strongly shaped by biological development over the growing season, the preferred 

weight growth specification further controls for growth stage using growth day and squared growth day. 

This study contributes to the use of smart-farm data analysis in three ways. First, it extends previous 

variable-lag causality with DTW research by addressing the interpretability limitation of DTW 
alignment. Second, it proposes sparse lag selection as a practical method for identifying specific 

environmental lag windows in crop growth data. Third, it shows that controlling for biological growth 

stage is important when analyzing weight growth dynamics. By moving from the detection of time 
warping to the identification of interpretable lag structures, this study provides a more practical 



framework for using smart-farm data in crop growth monitoring and decision support.  

 

2. Data 

This study uses daily smart-farm data on cabbage growth (weight and leaf) and environmental 

conditions from April to July 2025. The dataset contains 122 daily observations. The growth variables 
such as cabbage weight and number of leaves are treated as the dependent variables, while 

environmental variables such as low temperature, high temperature, humidity, rainfall, insolation and 

average wind speed are treated as the independent variables (Sim et al. 2021). Table 1 shows summary 

statistics of variables. Figure 1-(a) indicates that cabbage weight and number of leaves increase 
substantially over the observed growing season, while daily growth variables show limited short-run 

variation. This pattern is consistent with the biological nature of cabbage growth, where biomass 

accumulation and leaf development evolve gradually rather than changing sharply from day to day after 

early stage. 

Table 1. Summary Statistics 

Variable Unit Obs. Mean Std.dev Min. Max. Q1 Q3 Median 

Weight g 122 169.35 114.53 2.70 274.40 24.20 264.98 243.90 

Leaves number 122 27.31 9.76 6.00 33.90 21.38 33.90 33.90 

Low 

temperature 
℃ 122 9.25 6.55 -3.90 20.30 4.00 14.08 9.25 

High 

temperature 
℃ 122 16.96 5.34 3.10 28.00 12.88 20.35 17.65 

Humidity % 122 79.98 15.32 27.00 95.00 76.00 92.00 83.50 

Rainfall mm 122 1.10 2.35 0.00 12.10 0.00 0.98 0.00 

Insolation MJ/㎡ 122 20.74 8.42 6.20 30.00 13.30 28.30 23.90 

Average 

windspeed 
m/s 122 3.19 1.52 0.00 8.90 2.00 4.00 2.75 

 

The study tested the correlation to provide a preliminary description of the relationships among growth 

(weight and leaf) and environmental variables and to examine potential collinearity among 
environmental conditions. The correlation results do not account for lagged responses or predictive 

direction. The dynamic relationship between environmental variables and growth variables are 

examined through the subsequent Granger causality and sparse lag selection models.  

Table 2. Correlation of Cabbage Growth and Environmental Variables 

 Weight 
Number of 

leaves 
Low 

temperature 
High 

temperature 
Humidity Rainfall Insolation 

Average 
windspeed 

Weight 1.00*** 0.93*** 0.72*** 0.63*** 0.40*** 0.04 0.11 0.01 

Number of 
leaves 

0.93*** 1.00*** 0.74*** 0.62*** 0.33*** 0.00 0.11 0.00 

Low 
temperature 

0.72*** 0.74*** 1.00*** 0.84*** 0.20** -0.07 0.08 0.07 

High 
temperature 

0.63*** 0.62*** 0.84*** 1.00*** 0.22** -0.07 0.02 -0.10 

Humidity 0.40*** 0.33*** 0.20** 0.22** 1.00*** 0.20** -0.20** -0.29** 

Rainfall 0.04 0.00 -0.07 -0.07 0.20** 1.00*** -0.52*** 0.05 

Insolation 0.11 0.11 0.08 0.02 -0.20** -0.52*** 1.00*** 0.00 

Average 
windspeed 

0.01 0.00 0.07 -0.10 -0.29*** 0.05 0.00 1.00*** 

Note: ***, **, * represents p < 0.01, p <0.05 and p <0.10, respectively. 



 

Figure 1. Growth and Environmental Variables of Smart-Farm Cabbage 

 

3. Empirical Methods 

This study uses a four-step empirical strategy to identify lag structures between growth variables and 

environmental conditions. First, fixed-lag Granger causality is estimated as a conventional benchmark. 

Second, variable-lag Granger causality with DTW is used as a diagnostic tool to examine whether the 
relationships between cabbage growth and environmental variables involve flexible temporal alignment. 

Third, sparse lag-selection models are estimated to identify specific lag positions of environmental 

variables. Fourth, each growth stage controlled sparse lag-selection models are estimated to account for 

biological development patterns in cabbage weight.  

The methodological objective is not only to test whether environmental variables predict cabbage 



growth, but also to identify when such predictive relationships are most likely to occur. This distinction 

is important because DTW based methods can detect time warping, but they do not always provide 
directly interpretable lag positions. Therefore, sparse lag-selection is introduced as interpretable 

extension of the variable-lag Granger causality with DTW framework.  

For a stationarity test, we took a log of cabbage weight and then did first difference (∆𝑙𝑛(𝑤𝑒𝑖𝑔ℎ𝑡𝑡)), 

and took first difference of a number of leaves (∆𝑙𝑒𝑎𝑓𝑡). Temperature rage is calculated as the difference 

between daily high and low temperature because temperature rage capture daily thermal variability, 

reduce collinearity between low and high temperature.  

3.1 Ganger causality  

Granger causality tests whether past values of one variable improve the prediction of another variable, 

conditional on the past values of the dependent variable. The original Granger framework defines 

causality in terms of predictive information: if lagged values of X improve the prediction of Y, then X 

is said to Granger-cause Y. (Granger, 1969). For each growth variable 𝑌𝑡 , fixed-lag Granger causality 

is estimated as: 

𝑌𝑡 = 𝛼 + ∑ 𝜑𝑘𝑌𝑡−𝑘

𝑝

𝑘=1

+ ∑ 𝛽𝑘𝑋𝑡−𝑘

𝑝

𝑘=1

+ 𝜖𝑡 , 

where 𝑌𝑡  is either daily growth of cabbage weight, ∆𝑙𝑛(𝑊𝑒𝑖𝑔ℎ𝑡𝑡), or daily increases of leaf numbers, 

∆𝐿𝑒𝑎𝑓𝑡. 𝑋𝑡 represents environmental variables: temperature range, humidity, rainfall, insolation, or 

average wind speed. The lag order 𝑝  is imposed equally across the dependent variable and the 

environmental variable.  

The null hypothesis is: 

𝐻0 ∶  𝛽1 = 𝛽2 = ⋯ = 𝛽𝑝 = 0, 

Rejecting the null means that past values of the environmental variable contain predictive information 

for cabbage growth under the fixed-lag specification. The conventional model is used only as a 
benchmark because its results can depend strongly on the selected lag order. The optimal lag is selected 

as 𝑝 = 7, and robustness checks are conducted using 𝑝 = 3 and 𝑝 = 14. This allows the analysis to 

examine whether conventional Ganger results are sensitive to the imposed lag length.  

3.2. Variable-lag Granger causality with DTW 

The second model is variable-lag Granger causality with DTW. The fixed-lag assumption of 

conventional Granger causality may be restrictive for crop growth data because environmental variables 
may influence crop growth with different and changing delays. Variable-lag Granger causality relaxes 

the fixed-delay assumption and allows causes to influence effects with arbitrary time delays 

(Amornbunchornvej, 2021). Dynamic Time Warping is used to construct a flexible temporal alignment 

between the environmental series 𝑋𝑡  and the growth series 𝑌𝑡  . DTW is a time-series alignment 

technique that allows local compression and stretching of time series and can be used to compute and 

visualize alignments under different constraints (Giorgino, 2009). 

Conceptually, the variable-lag relationship can be written as: 

𝑋𝑡−∆𝑡
→ 𝑌𝑡 , 

where ∆𝑡   is not fixed but may vary over time. This differs from conventional fixed-lag Granger 

causality, where ∆𝑡= ∆ is assumed to be constant.  

Following the variable-lag logic with DTW, the environmental variable is first aligned with the growth 

outcome using DTW. This produces a reconstructed environmental series: 

𝑋𝑡
𝐷𝑇𝑊. 



The variable-lag Granger causality model with DTW is: 

𝑌𝑡 = 𝛼 + ∑ 𝜑𝑘𝑌𝑡−𝑘

𝐾

𝑘=1

+ ∑ 𝜃𝑘

𝐾

𝑘=1

𝑋𝑡−𝑘
𝐷𝑇𝑊 + 𝑢𝑡 , 

where 𝐾 = 14  in the main specification. The models are compared using F-tests and Bayesian 

information criterion (BIC). A relationship is classified as variable-lag only if the DTW-based model 
improves predictive fit relative to the restricted model and performs better than the fixed-lag model 

according to BIC. 

This study uses the variable-lag Granger causality model with DTW as a diagnostic tool, not as the final 

source of interpretable causal timing. This is because DTW alignment can sometimes produce paths 

that are difficult to interpret causally. To address this issue, this study reports a delay direction diagnostic. 

For each alignment path, the implied delay is calculated as: 

𝐷𝑒𝑙𝑎𝑦𝑡 = 𝑖𝑛𝑑𝑒𝑥𝑌(𝑡) − 𝑖𝑛𝑑𝑒𝑥𝑋(𝑡). 

A positive delay indicates that the environmental observation precedes the growth variable, which is 

consistent with the intended causal direction. A negative delay indicates that alignment implies the 

growth outcome precedes the environmental variable, which is not causally interpretable in the present 

setting. When a large share of alignments has negative delays, DTW results are interpreted as evidence 
of temporal warping rather than direct causal timing. This diagnostic role is central to the paper’s 

contribution comparing. 

3.3. Sparse lag-selection model 

The model includes multiple candidate lags of each environmental variable and uses regularization to 

select the most relevant lag positions.  

For each growth 𝑌𝑡 , the sparse distributed-lag model is: 

𝑌𝑡 = 𝛼 + ∑ 𝜑𝑘𝑌𝑡−𝑘

𝐾

𝑘=1

+ ∑ ∑ 𝛽𝑗,𝑘

𝐾

𝑘=1

𝐽

𝑗=1

𝑋𝑗,𝑡−𝑘 + 𝜖𝑡 

where 𝐽 = 5  environmental variables such as temperature range, humidity, rainfall, insolation, and 

average wind speed and 𝐾 = 7 candidate lags.  

The large number of candidate lagged predictors creates a selection problem. With five environmental 
variables and fourteen lags, there are 70 environmental lag candidates, in addition to autoregressive lag 

terms. To obtain an interpretable and parsimonious model, Elastic Net regularization is used. Elastic 

Net combines LASSO and Ridge penalties and is useful when predictors are correlated, as is common 
among lagged time-series variables. The Elastic Net regularization framework estimates generalized 

linear models with convex penalties, including LASSO, Ridge, and mixtures of the two through 

coordinate descent algorithms. 

The Elastic Net function is: 

min
𝛽

[∑(𝑌𝑡 − 𝑌̂𝑡)
2

𝑡

+ 𝜆 (𝛼 ∑|𝛽𝑗,𝑘|

𝑡

+ (1 − 𝛼) ∑ 𝛽𝑗,𝑘
2

𝑗,𝑘

)] , 

where 𝜆 controls the strength of the penalty and 𝛼 controls the balance between LASSO and Ridge 

components. In this study, the main specification uses: 

𝛼 = 0.5, 

 



which balances variable selection and coefficient stability. The main penalty parameter is selected using 

the one standard error rule, 𝜆1𝑠𝑒, rather than the minimum error rule, 𝜆𝑚𝑖𝑛. The one standard error rule 

is preferred because it produces a more parsimonious model, which is appropriate for a short seasonal 
time series. The selected environmental lag terms are interpreted as the most relevant predictive lag 

positions. For example, if 𝐻𝑢𝑚𝑖𝑑𝑖𝑡𝑦𝑡−13 is selected, this indicates that humidity approximately 13 

days earlier contains predictive information for current cabbage growth, conditional on other lagged 
variables in the model. To reduce leakage across serially adjacent observations, blocked cross validation 

is used instead of random cross validation. This is important because nearby daily observations in crop 

growth data are temporally dependent.  

3.4 Growth stage controlled sparse lag-selection 

Cabbage weight growth is strongly influenced by biological development over the growing season. 

Therefore, the preferred specification for weight growth includes explicit growth stage controls. The 

growth stage controlled sparse model is: 

𝑌𝑡 = 𝛼 + 𝛾1𝐺𝑟𝑜𝑤𝑡ℎ𝐷𝑎𝑦𝑡 + 𝛾2𝐺𝑟𝑜𝑤𝑡ℎ𝐷𝑎𝑦𝑡
2 + ∑ 𝜑𝑘𝑌𝑡−𝑘

𝐾

𝑘=1

+ ∑ ∑ 𝛽𝑗,𝑘

𝐾

𝑘=1

𝐽

𝑗=1

𝑋𝑗,𝑡−𝑘 + 𝜖𝑡 

where 𝐺𝑟𝑜𝑤𝑡ℎ𝐷𝑎𝑦𝑡 measures the number of days since the beginning of the observed growing period, 

and 𝐺𝑟𝑜𝑤𝑡ℎ𝐷𝑎𝑦𝑡
2  captures nonlinear seasonal growth patterns. Because cabbage weight follows a 

biological growth trajectory over the season, the analysis of weight growth additionally includes a 

growth stage controlled sparse lag-selection model (Kim and Yun, 2015). Growth day and squared 

growth day are included as unpenalized controls to account for deterministic development patterns 

while allowing lagged environmental variables to be selected.  

The growth stage variables are included as unpenalized controls in the Elastic Net model. This means 

that they are always retained in the model and are not subject to shrinkage. The purpose is to account 

for deterministic biological growth patterns while allowing the model to select lagged environmental 

predictors from the remaining variation. This specification is preferred to first removing the estimated 
growth stage trend from weight growth and then applying lag selection to the residualized outcome, 

because it controls for biological development within the same predictive framework used to identify 

environmental lag effects. In the empirical analysis, their growth stage controlled sparse model is used 

as the preferred specification for weight growth.  

3.5 Robustness checks 

Several robustness checks are conducted. First, fixed-lag Granger causality is estimated using lag order 

3, 7, and 14 to examine sensitivity to the imposed lag length. Second, sparse lag-selection results are 

compared between 𝜆1𝑠𝑒 and 𝜆𝑚𝑖𝑛. The 𝜆𝑚𝑖𝑛 model is expected to select more variables, so it is used 

as a diagnostic check rather than the main model. Third LASSO with 𝛼 = 1  is estimated as a 

robustness check against the Elastic Net specification with 𝛼 = 0.5. Fourth, a detrended weight-growth 

specification is estimated to assess whether selected environmental lags remain after removing 

deterministic growth-stage patterns. The robustness checks are interpreted with caution because the 
dataset covers a single growing season. Therefore, all results are interpreted as predictive lag structures, 

not as structural causal effects.  

 

4. Results 

4.1 Preliminary results and stationarity 

The stationarity test results suggest that the transformed environmental variables are relatively stable, 

while the weight-growth variable remains affected by the crop’s biological growth trajectory. The ADF 

test fails to reject the null hypothesis there exist unit root in daily weight growth, with a p-value of 



0.298. The detrended weight variable also remains nonstationary, with a p-value of 0.425. In contrast, 

the environmental variables show p-values at the lower printed bound of 0.010. The leaf growth variable 

is stationary at 10% significance level. 

These results indicate that simple differencing and quadratic detrending do not fully remove the 
biological growth stage pattern from cabbage weight. Therefore, the growth stage controlled sparse lag-

selection model is treated as the preferred specification for the weight equation. This model includes 

growth day and squared growth day as unpenalized controls, allowing the analysis to distinguish 

environmental lag effects from deterministic crop development patterns. 

4.2 Fixed-lag Granger causality 

Table 3 reports the fixed-lag Granger causality results using a 7-day lag order. For daily log weight 

growth, the fixed-lag Granger causality provides only weak evidence of environmental predictability. 

Temperature range is significant at the 10% level, while humidity, rainfall, insolation, and average wind 

speed are not statistically significant. 

For daily leaf-count growth, the fixed-lag results are stronger. Temperature range is significant at the 1% 
level, with a p-value of 0.002. Average wind speed is significant at the 5% level, with a p-value of 0.041. 

Humidity and rainfall are marginally significant at the 10% level, with p-values of 0.071 and 0.058, 

respectively. Insolation is not significant. 

Table 3. Granger Causality results at lag 7 

Growth 

variables 
Environmental variables Lag-order F-statistic P-value 

∆𝑙𝑛(𝑤𝑒𝑖𝑔ℎ𝑡𝑡) 

Temperature range 7 2.09 0.05 

Humidity 7 1.06 0.39 

Rainfall 7 1.39 0.22 

Insolation 7 1.68 0.12 

Average windspeed 7 1.57 0.15 

∆𝑙𝑒𝑎𝑓𝑡 

Temperature range 7 3.46 0.00 

Humidity 7 1.94 0.07 

Rainfall 7 2.04 0.06 

Insolation 7 1.30 0.26 

Average windspeed 7 2.20 0.04 

 

The robustness results show that fixed-lag GC is highly sensitive to the imposed lag order (Appendix 
A). At lag 3, daily log weight growth is significantly associated with temperature range, humidity, and 

insolation. At lag 14, temperature range, humidity, and average wind speed become significant 

predictors of weight growth. For leaf growth, the set of significant predictors also changes across lag 

orders. Temperature range remains relatively important, but humidity, rainfall, insolation, and wind 
speed vary in significance depending on whether lag 3, 7, or 14 is imposed. This lag-order sensitivity 

supports the central motivation of the paper. A single fixed-lag specification can identify some 

predictive relationships, but the results depend strongly on the chosen lag length. This suggests that the 
timing of environmental effects on cabbage growth may not be adequately represented by a common 

fixed lag. 

4.3 DTW-based variable-lag diagnostic results 

Table 4 reports the corrected DTW-based variable-lag Granger causality diagnostics. The classification 

is based on both the F-test result and BIC improvement relative to the restricted autoregressive model. 



After applying this more conservative criterion, none of the environmental variables are classified as 

variable-lag predictors of daily weight growth. For daily leaf-count growth, humidity, rainfall, 
insolation, and average wind speed are classified as variable-lag relationships, while temperature range 

is not. 

However, the delay-direction diagnostic reveals an important limitation of the DTW-based results. Most 

DTW alignments show a large share of negative delays, which implies that the aligned growth outcome 

precedes the environmental variable. For example, the share of negative delay is very high for humidity, 
rainfall, and insolation in both the weight-growth and leaf-growth equations. The output therefore issues 

the warning that many alignments imply that 𝑌 precedes 𝑋. 

Table 4. Variable-lag Granger causality with DTW 

Growth 

variables 
Variable 

BIC Y 

only 

BIC 

DTW 
P-value 

VL 

relation 

Negative 

delay 

share 

Interpretation 

∆𝑙𝑛(𝑤𝑒𝑖𝑔ℎ𝑡𝑡) 

Temperature 

range 
2.43 11.26 <0.001 None 0.451 

Direction 

warning 

Humidity 2.43 25.58 0.003 None 0.983 
Direction 

warning 

Rainfall 2.43 9.15 <0.001 None 0.987 
Direction 

warning 

Insolation 2.43 41.11 0.103 None 0.871 
Direction 

warning 

Average wind 

speed 
2.43 37.81 0.052 None 0.843 

Direction 

warning 

∆𝑙𝑒𝑎𝑓𝑡  

Temperature 

range 
162.69 165.51 <0.001 None 0.466 

Direction 

warning 

Humidity 162.69 150.43 <0.001 
True 

variable 
0.982 

Direction 

warning 

Rainfall 162.69 126.88 <0.001 
True 

variable 
0.951 

Direction 

warning 

Insolation 162.69 162.18 <0.001 
True 

variable 
0.964 

Direction 
warning 

Average wind 

speed 
162.69 161.02 <0.001 

True 

variable 
0.747 

Direction 

warning 

 

This finding is important for the interpretation of variable-lag analysis with DTW. The DTW results 

provide evidence that cabbage growth and environmental variables exhibit flexible temporal alignment, 

especially for leaf growth. However, because many alignments are inconsistent with the intended 
temporal direction from environment to growth, the DTW results should be interpreted as a time-

warping diagnostic rather than as direct causal timing evidence. 

This result reinforces the main methodological argument of the paper. DTW-based variable-lag 

causality is useful for detecting flexible alignment, but it does not necessarily identify interpretable or 
causally ordered lag positions. Therefore, an additional sparse lag-selection model is needed to identify 

specific environmental lags that can be more directly interpreted. 

4.4 Sparse lag-selection results 

Table 5 presents the sparse lag-selection results using Elastic Net with 𝛼 = 0.5 , blocked cross-

validation, and the one-standard-error penalty rule, 𝜆1𝑠𝑒. The model includes autoregressive growth 

lags and environmental lag candidates from 1 to 14 days. The table reports only the selected 

environmental lags; autoregressive terms are reported separately in the appendix. 

For daily weight growth, the sparse model selects humidity at lag 13 with a negative coefficient, and 

temperature range at lags 3 and 9 with positive coefficients. For daily leaf-count growth, the model 



selects humidity at lag 13 with a negative coefficient and temperature range at lag 9 with a positive 

coefficient. 

Table 5. Sparse lag selection results 

Growth variables Environmental variables Selected lag Coefficient Sign 

∆𝑙𝑛(𝑤𝑒𝑖𝑔ℎ𝑡𝑡) 

Humidity 13 -0.00011 Negative 

Temperature range 3  0.00043 Positive 

Temperature range 9  0.00014 Positive 

∆𝑙𝑒𝑎𝑓𝑡 
Humidity 13 -0.00044 Negative 

Temperature range 9  0.00059 Positive 

 

These results provide a more interpretable lag structure than the fixed-lag and DTW results. The 

repeated selection of humidity lag 13 in both the weight and leaf-growth equations suggests that 
humidity approximately two weeks earlier contains negative predictive information for cabbage growth. 

Similarly, the selection of temperature range at lag 9 in both outcomes suggests that temperature 

variation roughly nine days earlier is positively associated with subsequent cabbage growth. For weight 
growth, the additional selection of temperature range at lag 3 indicates that short-run thermal variation 

may also contain predictive information. 

The sparse model also selects several autoregressive terms. Daily log weight growth is predicted by its 

own lags 1, 2, and 3, while leaf-count growth is predicted by its own lags 1, 2, 3, and 5. This confirms 

that cabbage growth outcomes are persistent over time and that environmental lag effects should be 

interpreted conditional on the crop’s own growth dynamics. 

4.5 Growth-stage controlled sparse lag-selection 

Because weight growth is strongly affected by biological development over the growing season, the 

preferred specification for daily log weight growth includes growth day and squared growth day as 

unpenalized controls. Table 6 reports the growth-stage controlled sparse lag-selection results. 

After controlling for growth stage, several environmental lag predictors remain selected. Table 6 show 

that temperature range is positively selected at lags 3, 9, 11, and 12. Humidity shows mixed lagged 
associations: lags 9 and 10 are selected with positive coefficients, while lags 13 and 14 are selected with 

negative coefficients. Rainfall is selected at lags 3 and 4 with negative coefficients. Average wind speed 

is selected at lag 6 with a positive coefficient. 

Table 6. Selected environmental lag structure after controlling for growth stage 

Environmental 

variables 

Selected 

lag(s) 

Sign 

pattern 
Interpretation 

Temperature range 3, 9, 11, 12 Positive Positive delayed association with weight growth 

Humidity 9, 10 Positive Positive medium lag association 

Humidity 13, 14 Negative Negative longer lag association 

Rainfall 3, 4 Negative Negative short lag association 

Average wind speed 6 Positive Positive lag 6 association 

 

These results are stronger than the simple detrended specification. When the residualized detrended 

weight-growth variable is used, the fixed-lag results show no significant environmental predictors for 

weight growth. In contrast, the growth-stage controlled sparse model retains several environmental lag 
predictors. This suggests that controlling for growth stage within the sparse model is preferable to first 

residualizing weight growth and then estimating lag effects. The growth-stage controlled results indicate 



that environmental lag effects are not fully explained by the seasonal growth trajectory. In particular, 

temperature range shows a robust positive association with weight growth at short and medium lags. 
Rainfall at lags 3 and 4 is negatively associated with weight growth, suggesting that wet conditions 

shortly before the observed growth response may be linked to lower weight growth. Humidity has 

temporally heterogeneous associations: positive at lags 9–10 but negative at lags 13–14. Because the 

analysis is based on a single growing season, these patterns should be interpreted as predictive lag 

structures rather than structural causal effects. 

4.6 Robustness to penalty choice 

The robustness comparison between 𝜆1𝑠𝑒 and 𝜆𝑚𝑖𝑛 confirms that the main growth-stage controlled 

lag patterns are not driven solely by the stricter one standard error penalty. As expected, 𝜆𝑚𝑖𝑛 selects 

a larger number of lagged variables. However, the core lags selected under 𝜆1𝑠𝑒 remain present under 

𝜆𝑚𝑖𝑛.  

Table 7 presents that the common selected environmental lags are average wind speed at lag 6, humidity 
at lags 9, 10, 13, and 14, rainfall at lags 3 and 4, and temperature range at lags 3, 9, 11, and 12. The 

signs of these common lags are also consistent across the two penalty choices. This robustness result 

supports the use of 𝜆1𝑠𝑒 as the main specification. The 𝜆1𝑠𝑒 model provides a more parsimonious and 

interpretable lag structure, while the 𝜆𝑚𝑖𝑛 model confirms that the major selected lag patterns remain 

present when a less conservative penalty is used. 

Table 7. Robust selected lags across lambda choices 

Environmental variable Selected lag Sign under 𝜆1𝑠𝑒 Also selected under 𝜆𝑚𝑖𝑛 

Average wind speed 6 Positive Yes 

Humidity 9 Positive Yes 

Humidity 10 Positive Yes 

Humidity 13 Negative Yes 

Humidity 14 Negative Yes 

Rainfall 3 Negative Yes 

Rainfall 4 Negative Yes 

Temperature range 3 Positive Yes 

Temperature range 9 Positive Yes 

Temperature range 11 Positive Yes 

Temperature range 12 Positive Yes 

 

4.7 Integrated interpretation 

Taken together, the results show that each model contributes a different layer of evidence. The fixed-
lag GC benchmark shows that environmental variables contain predictive information for cabbage 

growth, but the detected relationships are sensitive to the imposed lag order. The DTW-based VL-GC 

diagnostics suggest flexible temporal alignment, especially for leaf growth, but the delay-direction 
diagnostics limit causal interpretation. The sparse lag-selection models provide the most interpretable 

results by identifying specific lagged environmental predictors. 

The strongest and most consistent sparse lag patterns are associated with temperature range and 

humidity. Temperature range is repeatedly selected with positive coefficients, especially around lags 3 

and 9–12. Humidity is repeatedly selected around lag 13 with a negative coefficient, and in the growth-
stage controlled model it also shows positive coefficients at lags 9–10 and negative coefficients at lags 

13–14. Rainfall is selected with negative coefficients at lags 3–4 in the growth-stage controlled weight-

growth model. These findings suggest that cabbage growth responds to environmental conditions 



through delayed and variable-specific timing rather than through a single fixed lag. 

The results therefore support the main argument of the paper: DTW-based variable-lag analysis is useful 

for detecting time warping, but sparse lag-selection provides a more interpretable framework for 

identifying environmental lag structures in smart-farm crop-growth data. 

 

Conclusion 

This study examined how environmental conditions are dynamically related to cabbage growth using 

smart farm data. The major objective was to move beyond the detection of flexible temporal alignment 

and identify more interpretable lag structures between environmental variables and crop growth. To 

achieve this objective, the analysis compared fixed-lag Granger causality, variable-lag Granger 

causality with DTW, and sparse lag selection models. 

The results show that conventional fixed-lag Granger causality provides useful benchmark evidence, 

but its conclusions are sensitive to the imposed lag order. At the 7-day lag, fixed lag Granger causality 

provides only weak evidence for weight growth, with temperature range being marginally significant. 
In contrast, leaf growth shows stronger fixed lag evidence, particularly for temperature range and 

average wind speed, with humidity and rainfall showing marginal significance. However, robustness 

checks across 3, 7 and 14-day lag orders indicate that the set of significant predictors changes with the 

selected lag length. This confirms that a single fixed lag structure is not sufficient to characterize 
environmental responses in cabbage growth. The variable lag Granger causality with DTW provides 

additional evidence that cabbage growth and environmental variables exhibit flexible temporal 

alignment. After applying the revised BIC based classification, variable lag relationships are identified 
mainly for leaf growth, especially with humidity, rainfall, insolation, and average wind speed. However, 

the delay direction diagnostics show that many DTW alignments imply temporal ordering in which the 

growth variable precedes the environmental variable. Therefore, DTW results should be interpreted as 
evidence of temporal warping rather than as direct evidence of causally interpretable environmental 

response timing. This finding reinforces the main motivation of the paper: DTW can detect flexible 

alignment, but an additional method is needed to identify interpretable lag positions. The sparse lag 

selection results provide the clearest evidence of interpretable environmental lag structures. In the basic 
sparse model, humidity at lag 13 is negatively selected for both weight growth and leaf growth, while 

temperature range at lag 9 is positively selected for both outcomes. For weight growth, temperature 

range at lag 3 is also selected. These results suggest that cabbage growth is associated with variable 
specific environmental response windows rather than a single common lag. Because weight growth is 

strongly shaped by biological development over the growing season, the study further estimated a 

growth stage controlled sparse lag selection model. This specification identifies several environmental 
lag predictors after controlling for growth day and squared growth day. Temperature range is positively 

selected at lags 3, 9, 11, and 12; rainfall is negatively selected at lags 3 and 4; humidity shows mixed 

lagged associations, with positive coefficients at lags 9 and 10 and negative coefficients at lags 13 and 

14; and average wind speed is positively selected at lag 6. These selected lags remain robust under the 

less conservative 𝜆𝑚𝑖𝑛 rule, suggesting that the main lag patterns are not driven solely by the stricter 

𝜆1𝑠𝑒 penalty choice. 

Overall, the findings support the value of sparse lag selection as an interpretability enhancing extension 

of DTW variable lag analysis. While DTW approaches are useful for diagnosing the existence of time 
warping, sparse lag selection identifies specific lagged environmental predictors that can be more 

directly interpreted in crop growth analysis. In this sense, the study contributes to smart farm data 

analysis by translating flexible temporal relationships into more practical environmental response 

windows. 

The study has several limitations. First, the analysis is based on a single growing season, so the selected 
lag structures should be interpreted as predictive associations rather than structural causal effects. 

Second, weight growth remains strongly influenced by biological development, and simple detrending 



does not fully remove this pattern. Third, sparse lag selection improves interpretability but does not by 

itself establish biological mechanisms. Future research should validate the selected lag structures using 
additional growing seasons, different cabbage varieties, and alternative smart farm environments. 

Further work may also integrate physiological crop growth models with sparse lag selection to improve 

biological interpretation. 

Despite these limitations, the results show that smart farm data can be used not only to detect whether 

environmental variables are related to crop growth, but also to identify when those environmental 
conditions are most relevant. This has practical implications for crop monitoring and production risk 

management. By identifying delayed environmental response windows, sparse lag selection can support 

more targeted monitoring of temperature variation, humidity, rainfall, and wind conditions during 
sensitive growth periods. This approach may help improve the use of smart farm data for early warning, 

growth diagnosis, and adaptive crop management. 
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