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The closure phase problem

- Multifactorial 

- Partially predictable 

—> good laboratory 

De Zan et al. 2022, Mira et al. 2024, 
Yuan et al. 2024, Devlin & Lohman 2025
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method (EGMS, Copernicus)

15

-15

‣ Identified subsidence linked to : 
- groundwater withdrawal 
- sediment compaction
Psimoulis et al. 2007, Loupasakis et al. 2020

‣ How can we characterize the phase delay over these crops ? 
‣ How can we extend the deformation estimates for subsidence monitoring ?



1. Spatio-temporal characterization of the closure phase on 
crops over multiple years


2. From phase error to velocity bias : perspectives

11



5 years of Sentinel-1 A/B (2017 to 2022)  
Short baseline interferograms : 6 and 12 days 

Large multilooking window : 14x70 

Triplets are 6-6-12 

Coherence γij =
|∑L ziz*j |

(∑L ziz*i )(∑L zjz*j )
.

Our processing set up
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Strong spatial correlation

What about temporal correlation ?
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• More error cumulated on irrigated crops than non-
irrigated. 

• Error accumulation over fruit trees is almost only 
seasonal.

Coherence and Closure phase on different types of crops
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Non-irrigated arable land, r=-0.29

• More error cumulated on irrigated crops 
than non-irrigated. 

• Error accumulation over fruit trees is 
almost only seasonal.

• Anticorrelation between closure phase 
seasonal accumulation and coherence.

• But delayed peaks.

Coherence and Closure phase on different types of crops

• Year-to-year variations not captured in 
coherence
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The annual coherence
Relation to the crop cycle
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The annual coherence

Growth
Emergence and stem 

elongation
Flowering and 

ripening 

Maturation Harvest

Coherence drop for plant growth 
during hottest summer months 
when more irrigation is needed

Winter wheat crop cycle
Growth Maturation H

Cotton crop cycle 
Growth Maturation H

Relation to the crop cycle
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NDVI and closure phase
Interpolated data from S. Ferrant (CESBIO)
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What about the velocity bias ? Why do we want to 
characterize it ? 

18



From phase error to velocity bias
Several methods for bias mitigation :  

‣masking biased pixels 

‣ for better coverage : methods mostly based on long baseline stability (Ansari 2022, 
Zheng 2020, Maghsoudi 2022). Issues arise in regions with no long term coherence 
(typically temperate regions). 

‣weighting the spatial averaging. (SNO ISDeform, M.-P. Doin)
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From phase error to velocity bias

Prediction and correction of the bias based on its physical understanding ?

?

Several methods for bias mitigation :  

‣masking biased pixels 

‣ for better coverage : methods mostly based on long baseline stability (Ansari 2022, 
Zheng 2020, Maghsoudi 2022). Issues arise in regions with no long term coherence 
(typically temperate regions). 
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Influence of the network
Bias minimizing with longer baselines

Temporal baselines 
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Influence of the network
Bias minimizing with longer baselines

Temporal baselines 
6 and 12 days
+ 18 and 24
+ 1, 2, 3, 6 months and 1 year

20
Bias has a crop-specific component and may remain after minimizing



Estimating the residual bias 
Comparison to more stable time series 

PSI (SNAP), M. Foumelis Residual SBAS - PSI
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Conclusions

Positive trend and seasonal accelerations in cumulative closure phase on crops in agreement with the local 
crop growth cycle. 
➡ Closure phase = quantity that gives information about plant growth, beyond coherence only.  

The cumulative error may translate as a velocity bias with a seasonal component in deformation time series.  

The physical meaning behind the closure phase could help extending the coverage of InSAR-derived 
information to agricultural areas. Work in progress…
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Thank you !
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Crop types in the Thessaloniki region, gathered from existing statistics

Georgilas et al (2021) dans Agronomy

IRRIGATED NOT IRRIGATED

1. Cotton (~20%) 
2. Alfalfa (~10%) 
3. Corn (~7%) 
4. Rice/Sunflowers (10% tt) 

ie cotton >40% off all 
irrigated (rice is a Corine 
class in itself)

1. Wheat (~30%) 
2. Barley (~7%)  

ie. Wheat ~70% of 
all not irrigated
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Relation to the crop cycle

More precision in crop distribution and cycle could help us identify the physical processes at play
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