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Results 3 — Temporal Predictions

« Accurate yield prediction assists in promoting food security, optimizing agricultural « Composite images were computed over the time periods listed in Table 2 describing 2.1 Feature Variable Importance of Single Year Mixed Crop Yield Predictions: 3.1 In-Season Yield Mixed Training and Testing Yield Predictions:
mana_gement, e_md supportmg_ economic plann_mg_. . typical planting dates. B 2024 (lowyield) W2023(highyield) m2019(avsyield] mvi \mClmatic m Soi R? Values MAE Values
 Machine Learning (ML) techniques are useful in yield prediction as they can calculate Table 2: Start and End Dates of the Analyses 0.95 25
complex relationships between variables and rank them. ¥ — 2 "
* The United States Agriculture Department — Agricultural Research Service (USDA- Corn April 1 October 31 July 31 ¥ L e ﬁ = -
ARS) published a sub-fl_eld sca_le crop yield dataset (5m resolution raster) covering Soybean April 1 November 15 August 15 g S g 0.75 = : 10
2014-2024 at the Beltsville Agricultural Research Center (BARC) (Dulaney et al. 2024). . 6 N 0.7 5 e
. . ) : Wheat September 15 July 1 April 1 = —
* Analysis is conducted on the Google Earth Engine (GEE) cloud-computing platform 2 4 0.65 0
* This project utilizes a Random Forest Machine Learning (RFML) classifier to analyze  Physiological differences between the crops account for different ranges of yield. 5 2 I I |_| II H H I H H I I N s o R = oo Bpoaen VIS
satell_|te Imagery (Harmonized Sen_tlnel-2 da}ta and Landsgt 8) and input climate,  Avgyield: Corn 124.52 Mg/ha, Soybean 47.34 Mg/ha, Wheat 53.00 Mg/ha. o I HE |HE | SN |SE | W8 | S8 |S8 |[SE |58 | 58 | &8 | SE | &= Figure 11: R? Va/uesz_‘or In-Season Prediction5_ Flgur_e 12: MAE Values for In-Season P_red_lctlons
physical, and soil datasets to predict crop yield at a sub-field scale. NDVI  NDVIMax GlRange EVIMax LSTRange GIMax EVIRange TrSWIR1 ~ NDWI NDWIMax EVIMean  LST  NDWI  The correlation between the in-season and the single year model predictions was
Range Max Mean Median Range

0.92 for corn, 0.87 for soybean, and 0.97 for wheat, showing model performance was

- Sentinel-2 and GRIDMET : i highly comparable to the model using the full amount of time
R r h ion Landsat 8 Met I USGS 3DEP POLARIS Soil Soybean Variable Importance Iignly : P EIY g €.
esearch Questions andsa eteorology DEM Data Data 10  Shortening the composite interval by three months had negligible effect on model

1. How accurately can corn, soybean, and winter wheat yield be predicted with a single Imagery variables : - 1t : : : Ak
: Y = ' Y P g g 8 B B performance, except for soybean. This suggests utility for in-season yield prediction.
year of data? Can unknown fields be accurately predicted? S 6
- . . . . - - E 4

2. Whlch_ input features are _the most important in preo_hctlng ylgld for corn, soybeans,  Reduced s 4 3.2 Leave One Year Out (LOYO) Testing:

and winter wheat? Can yield be predicted with less input variables? Yearly Seasonal Composite Images Created Over Crop Calendar Time Test. 3.7 . H H H H H I II - T
3. Can YIeld be predicted in-season/with less months of training data? And can multlple Intervals in Table 2 Shorten Time i: ' F W AL @B W, ™ FPY O O R " oW % 1 50 =

years of data be used to predict unknown/future years of yield? EVIMean NDVI Max I;I/IDWI LSTRange NDVI NDWIMax EVIMax GlRange EVIRange NDVI ~ GIMax TrSWIRL  LST \ -3

ean Range Mean Range Median
0.6 e 30
It Seperate Wheat Variable Importance AS - - ) 31 .
Study Area Random Samples (3000) Fields Test, ¥ -
3 y 1 : . Split 70/30 (training/testing) _ Separatc_a 0 0.2 10 E— &

 The fields analyzed in this study are from the Beltsville Agricultural Research Center ixels by Fielg g 8 - : = .

(BARC) |n BGHISVI”G, Mar Iand é‘ © ] N ] | B Corn M Soybean M Wheat B Corn M Soybean M Wheat

N : S e 8| Figure 1: Study area at = 4
/. "a° b ?{,’. 17 s the Beltsville If Temporal % 5 |_| I I H |_|I II H I II H I I H I HII HII Figure 13: R?> Values for LOYO Testing Figure 14: MAE Values for LOYO Testing
/ .| Agricultural Research Prediction, Multiple Years of Trainin S II  The results indicate that the model captures yield trends reliably for soybeans but
- R R Compile P S 9 N N EE ) B S R N ) B N SN S _ < P 2y Ay O_y
i< syl land NDWI Max NDVI Max  NDVI LSTRange EVIRange NDWI  EVIMax EVIMean GlRange NDWI NDVI LST TrSWIR1 Struggles with corn and Wheat, where low R2 values (Often <03) and h|gher MAE
Beltsville, Marylan Years Range Range Mean Mean  Median  Range

suggest weaker generalization across years.
3.3 Incrementally Adding Training Data:

Figure 7: Top Half of Important Variables for Corn, Soybean, and Wheat for Years 2019, 2023, and 2024

RE ML Model VL) et iggﬂih It?l'rrztiir\llier:y « Qut of all four variable categories, VIs were deemed the most important. B " J—
SRS e i » Non-VI variables were spread, but LST range and median were in the top half of 1 60
; ™ g N variables across the board. ———————— . . - 40
S £ e _ D R N i * Precipitation, aridity, slope, and aspect were all the lowest ranked out of the 27 input P A
Beltsville Agricultural Research Center (BARC), Maryland, USA Model Accuracy (R?, variables. This is attributed to the small size of the study area, rendering these g R T A
Bl Open Water Developed Low Intensity [l Mixed Forest land C T . MAE) an_d Fe_ature R? and MAE Calculated variables unchanglng th I’OUQhOUt the study darea. 2000 Cdi92 20327 19:22. 15ONNEONE 1G800R 5 08 ¥ 422 2022 21-22 20-22 19-22 1822 17-22 16-22 15-22 14-22
Developed Open Space [l Developed Medium Intensity MO?S an over lypes. Contribution 21 Years of Training Data Years of Training Data
S S Sl S Dockho= Fort e — . : 2.2. Yield Prediction with a Reduced Number of Inputs: A K O y
* The Atlantic Seaboard Fall Line crosses through the area, creating variable soils from T | T T T e
- 5 3 e . ) 9 gure 3 aiues jor incrementai irrainin ata gure " aiues jor incremental frainin ata
east to west as the sandy, sedimentary Atlantic coastal plain transitions into the Figure 2: Methodology Flowchart Corn BRes SeyMalalues . “ d ‘ jq
metamorphic and igneous Piedmont Plateau. 1 AT 3 30 Y7  The r_es_ults revealed that mo_de_l performance does _not |mprove_when _multlple years
: __ A e . 5 I M of training data are used. This is because of a flaw in RFML testing as it cannot adjust
Results 1 — Spatial Predictions £ B for differing ranges of input variables over the years.
N 1.1 singic Year Predictions with Mixed Training and Testing = N E H > [l LU TR0 (o
Table 1: Data Sources R2 Values MAE Values Control  VIMaxes V|C hl/_laxets+ vi MLzan1(_as+ vi Msagles+ CV| Mt?xei+ Control VI Maxes V|C Taxis+ Vi MLanTes+ Vi |V|Sa>§<las+ CV| Mt?xeif CO“CIUS'O“S and Key Ta keaways
) Resolution 1 25 Imate Ol ompination Imate ol ompination : : :
Type Variables Full Name Values (m?2) Data Source 0.95 # i 02019 @2023 2024 02019 ©2023 2024 N CI’Op YIeld was able to be predlcted with an average R2 of 0.78 for corn, 0.81 for
Normalized Difference Harmonized 008.2 15 Figure 8: Corn R? and MAE Values for Reduced Inputs in 2019, 2023, and 2024 soybea n, and 0.87 for winter wheat based on yieId measurements from a subset of
NDVI Vegetation Index Median, Max, Range 10 Sentinel 2 and N — ﬁ e local fields.
® Landsat 8 0.75 SRS B PR VAl e  Using the model before harvest or on untrained fields worked comparably well to the
o Harmonized 0.7 2% = o 1 B single year predictions
= Gl Greenness index Median, Max, Range 10 Sentinel 2 and 0.65 0 058 e 2 £ giey P . ' : :
E La ndsat 8 B Corn Testing M Soybean Testing M Wheat Testing B Corn Testing M Soybean Testing M Wheat Testing 0.6 % 6 3 VIS were the mOSt Important types Of Varlables’ bUt performance was enhanced Wlth
O ; 0.4 =" /] i - . .
I Enhanced Vegetation : Har.monlzed Figure 3: R? Result for Single Year Crop Yield Predictions Figure 4: MAE Result for Single Year Crop Yield Predictions 0.2 HHI H HI 2 HHI H H HHI H HHI &y S.et. of ad(.jltlona.l varlables,_ espemally LST varlqb!es. .
2 EVI Median, Max, Range 10 Sentinel 2 and : ) f g * Predictions did not improve with more years of training data due to a flaw in RFML.
% Index Landsat 8 . Corn had the IoweSt average teStIng R Of 0.78’ Soybean had an average Of 0.81 v and Control VI Maxes VI Maxes+ VIMaxes+ VIMaxes+ V| Maxes+ Control VI Maxes VI Maxes+ VI Maxes+ VIMaxes+ VIMaxes+ ThiS model and methodolo Can be Viabl used to redict Cro ield
> \ iod Diff Harmonized Wheat had the highest R2 Of 0_87_ Climate LST Soil Combination Climate 15T} Soil Combination gy y p p y
NDWI O Water indes | Median, Max, Range 10 Sentinel 2 and - However, predictions of soybean were the most consistent in both training and il A
Landsat 8 testing. Figure 9: Soybean R? and MAE Values for Reduced Inputs in 2019, 2023, and 2024
LST #:fpi‘r‘gﬁfz Median, Range 100 Landsat 9 = 7 WA « Future work should test transferability of this model by testing on other crops and in
Climatic Precip Precipitation T Period Sum 2,000 GRIDMET 1.2 Single Year Predictions Training and Testing on Separate Fields: e ' : > p o’gher climates | | |
Arid Aridity Time Period Sum 24000 GRIDMET R Values MAE Values 0.8 N N e N 1 B . « Different types of ML and deep learning models should be experimented with as well,
Slope ) ) 1 DEM 1 - L/ 82 24 especially in applications using multiple years of training data.
Physical : 3
- - ! - x | [N il T ol [
Saturated soil water O} 1B g 25 0 0
SSWC Content - 30 POLARIS 0.4 = 20 re Control VI Maxes VI Maxes+ VI Maxes+ VIMaxes+ VI Maxes+ Control VI Maxes VI Maxes+ VIMaxes+ VIMaxes+ VI Maxes+ ACknOWIedgements
15 Climate LST Soil Combination Climate LST Soil Combination ] ] i ;
SHC Saturated hydraulic 20 POLARIS 0.2 10 —— = Ly . B .~ - £ This research is generously supported by the U.S. Department of Agriculture’s
. . - 5 . g
conductivity 0 - 0 . . Agricultural Research Service (USDA ARS) under Agreement Number 58-8042-4-179.
Clay % Percentage Of Clay = 30 POLARIS B Corn Testing M Soybean Testing M Wheat Testing B CornTesting B Soybean Testing B Wheat Testing Flgure 10 Wheat RZ and WA Va/uesfor REdUCEd InPUtS n 2019’ 2023’ and 2024
X Transformed SWIR : Har.monlzed Figure 5: R? Result for Unknown Fields Predictions Figure 6: MAE Result for Unknown Fields Predictions ) The_ best performln_g Comblnatlon of varlabl_es Wa.S the VI + LST variables CaAlESRIN References
Tr_SWIRT1 Median, Max, Range 20 Sentinel 2 and which can be seen in this result and the variable importance result
Index 1  Model f f dicti k field lable, but this is a limitati P '
Landsat 8 odel performance tor predicting unknown fields was variable, but this I1s a limitation y 4 : : :
: : P : : : - However, the addition of any set of environmental variables outperformed only using | | Pulaney, W. P., Anderson, M. C., Gao, F., Stern, A., Moglen, G., Meyers, G., Daughtry, C. S. T.,
Harmonized of using R? as a metric. While it shows seemingly large differences in model . : : : White, W., Akumaga, U., & Showalter, J. (2024). Development of a gridded vield data
Tr swipgx | ranstormed SWIR 1y dian, Max, Range 20 Sentinel 2 and f o i by cl P ——. ¢ vield and which Vls, which is consistent with the literature. S S o ) b s L
- Index 2 , ViaX, nang Larrient 8 performance, it is influenced by clustering based on the range of yield and which are . 2024, which was a low vield year due to drought, was also harder to predict for both archive for farm management and research at the USDA Beltsville Agricultural Research
used as training and testing. MAE is better able to show the stability of model ' : i Ny Center. Agrosystems, Geosciences & Environment, 7,
_ _ _ . corn and wheat, but did not seem to affect soybean predictions. .
*Tr_SWIR1 and Tr_SWIR2 are proxies of soil moisture based on shortwave-infrared bands 1 and 2 performance. e20474.https://doi.org/10.1002/agg2.20474.
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