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How Digitally Advanced Is Your Sector?
An analysis of digital assets, usage, and labor.
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Information &

o Knowledge-
communications technology

> intensive
Media sectors that are
Professional services highly digitized
Finance & insurance across most
dimensions

Wholesale trade

Advanced manufacturing
Oil & gas
Utilities

- - B2B sectors
4——/‘-’ with the poten-
Chemicals & pharmaceuticals - tial to digitally
engage and
. interact with

their customers

Basic goods manufacturing
Mining

Real estate

Transportation & warehousing
Education

Retail trade

Entertainment & recreation sectors with the

Personal & local services potential to

d Labor-intensive
e e ——

Government provide digital
Health care tools to their
workforce

Hospitality
Construction
Agriculture & hunting
ASSETS

Capital-intensive Service sectors Quasi-public/highly
sectors with the poten-  with potential to localized sectors
tial to further digitize digitize customer that lag across most
their physical assets transactions dimensions

SOURCE DATA ANALYSIS AND EXPERT INTERVIEWS CONDUCTED BY THE MCKINSEY GLOBAL INSTITUTE © HBR.ORG

PAST PRESENT FUTURE
Confused Farmer L &
(Overwhelmed by data) L‘.l @ © 5 .
*
<09 =208 ; i N
Machinery & E S[@ Agrcunre
GPS Tracking \:/ \\ - e = o
1980s Mol
GMO
Connected Ag &l 0
Weather Stations | Gl | Q
TH ? VJ UAV with
@T 19 TH CENTURY m Doppler Weathe Sensor Payload
{ Forecast Plant Sensors ((“!
The Plough (e.g. sap flow)
. H -
INCREMENTAL BENEFIT OVER NEW GROWTH POTENTIAL FOR FARMERS
PREVIOUS GENERATION

Digital Agriculture combines multiple data sources with advanced crop and

environmental analyses to provide support for on-farm decision making
Fulton and Port. 2018

A farmer using Digital Agriculture will combine the latest technologies to increase the
overall value of several areas of the farm (not the field!).

Precision
Agriculture

Data Insight?

Precision Agriculture deals with managing field's variability;

Precision Agriculture was defined as applying inputs at the right time, the right amount and
the right place.
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Together the companies aim to build tighter connections between consumers and farmers through innovative
new technologies built on Microsoft’s cloud
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Case Study: Cotton

Lack of Phenology annotation
campaigns
ClnnotCIted ddtd/\ 7 Panoramic Majority m Mii

.

Unsupervised/Semi-supervised
approaches
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Semi-Supervised (heuristic) phenology estimation

Sentinel-2 Data

( Proc;ssinq )

Atmospheric Correction/
Clipping/ Resampling

BANDS

NDVI, NDWI

Meteorological Data

4

Processing

NP Phenological Data

h 4

Reference Data

r
L

Min Temp, Max Temp,
GDD, AGDD

Sat and meteo data for 8

<

Cotton parcels

L4
-
Signatures Comparison 1

Mean Absolute Error (MAE)

parcels (reference parcels))

-~

2345678,
8A 11,12,

of derivatives with a time
window of 5 days (of 60 days
\total history)

Y

In-situ Validated
Phenological Data

Y

Evaluation

(
1

- MAE of phenological stages
- MAE of days

N Y

( Pseudo-labeling w

Phenological stages pseudo labels
for different days of year with a step
of 10 days. The phenological stages
are represented with a continuous
nonmeclature from 100 (seeding) to
700(harvest)

Y
( RF Traiining )

Multipie Random Forest models
for each timestamp

J
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Unsupervised phenology estimation

Mixed stages ?? — fuzzy clustering !!

b'¢
input data

- Satellite image time-series from Sentinel-2

- Numerical weather predictions
- Field polygons bf the Hellenic Cadastre

Feature engineering

—>

Test year (2021)

Calculation of Vis

Ground observations

Evaluation

—>70%

Fine-tuning

Cumulative integrals VIs

A

Within-season predictions

Accumulated NWP

>30%

Field-level averaging

A

Training year (2020)

After-season clustering

Validation

A

Fuzzy Clustering
Clusters = 6
Fuzzifierm = 2

Set th on partition weights to infer metaclasses

1. Run FCM for feature sets of length 3-10 A
2. Select the top 1% feature sets using kappa

3. Select best features based on frequency

4. Try all combinations of the best features

5. Select the best models & infer through voting |

le—!

Prediction of primary and secondary stage

Count
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15000
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8.

0

98th P

ercentile of 3rd Rank

0.1

0.2

Partition weight

I O e
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1.0

Rank

i

1st
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Phenology annotation campaigns

\

Annotation Protocol Supervised learning

At least 15 visits per field (approx. 3 per month) during the
growing period

Ideally, visit the fields in the days that Sentinel-2 passes over.
Consult weather forecasts and decide if the inspection could
e delayed for a few days.

Walk with a zig-zag pattern for typical scouting through the
field and inspect the growth status and how it varies in space.
Decide on the phenological stage that best describes the
majority of the plants in the field. If the field is in a transitioning
phase between two phenological stages, mention both and
decide which is the prevailing one, i.e, the primary stage. @)
Decide on the percentage that is explained by the primary
and the secondary stage

Take a panoramic photo of the entire field. Take two close-up
photos of plants. The first one should be representative of the
majority of the plants in the field. The second one should be
representative of a minority of plants in the field.

Panoramic Majority Minority
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Future steps

e Drone campaigns — Cotton phenology benchmark
dataset
- Phenological calendars
- Field photos
- UAVimages

2 ?\w

What else? 'Z,

{l.

e Self supervised learning: generate latent representations
e Exploit the data!! How?

o Fusion of satellite with UAV images

o Phenology estimation on different data source
e Other Crop Types



To sow or not to sow?
A recommendation
system for optimal
sowing
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pilot of sowing
map for
cotton for
cultivation
period of 2021
in
Orchomenos

/@ CORTEVA

agriscience

commercial use of
sowing map for
cultivation period of 2022
in GR (sunflower, corn,
cotton)

Serving
another
real need




Map

- Numerical weather
predictions (2-day at 2km
WRF , 10-day at 25km GFS,
soil temp 0-10cm + ambient
temp)

-  Appropriate temp
thresholds from Agricultural
bibliography (credits:
Dimitra Loka - cotton &
George Zanakis - corn,
sunflower)

-  Basic time series analysis to
generate an artificial 10-day
at 2km



https://docs.google.com/file/d/1VO-FekxA6sgi8mz8WFYBkbjMLBT5mnE7/preview

Knowledge-based Recommendation System

GFS ege o
a=1-—1 i€210] Artificial 10-day
l day=i at 2km forecast
forj ={1,2} blending WRF & GFS

F vtificiar 10days, = WRF,

forj €[3:10]:

Fartificial 10daysj WRFl % (1 t aj)

Knowledge-based rules

Type of Temperature Statistic Condition Time Window(days) Option code

soil mean >18 10 optimum  optl
ambient max 226 2~5 optimum  opt2
soil mean >15.56 5 mandatory mandl
soil min >10 2~5 mandatory mand2
ambient min >10 2~5 mandatory mand3

Spatial kNN

So0 oo BBAORTOaE do oo O ho Sa o s 0 o STNNIGNDINNENEENIENE N S
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WRF

st day »
VS

Real .
Temps

20

Real Weather
measurements

from Meteo station

in Kopaida

Latitude : 38.45074° N
Longitude : 22.99469° ko
Altitude: 98m

8/4/2021 ~1/6/2021

o

&

— max_actual
— max_pred
— min_actual
— min_pred

sd

o
A

Datetime




GFS vs
our WRF

an embarrassingly
simple approach

Real Weather measurements
from Meteo station in Kopaida
Latitude : 38.45074° N
Longitude : 22.99469° E
Altitude: 98m

Frequency

Frequency

Differences/errors of max/min

between Real Temps and GFS 1st day Temp at 2m

(10/4/21- 30/5/21)

abs_mean: 2.388627450980392
abs std: 1.0951073364886992
max abs error: 4.6200000000
min abs error: 0.2699999999

2 3 4

abs_mean: 1.5201960784313726
abs std: 0.9436323228802168
max abs error: 3.65000000000
min abs error: ©.01999999999

Frequency

Frequency

Differences/errors of max/min
between Real Temps and WRF 1st day Temp at 2m
(10/4/21- 30/5/21)

abs mean: 1.484600000000000
abs std: 1.1202026237995282
max abs error: 4.3700000000
min abs error: 0.0199999999

abs_mean: 1.740999999999999
abs_std: 1.4809873292461873
max abs error: 6.2099999999
min abs error: ©.0600000000!




GFS 10-day
VS
Artificial

WRF-10day

an embarrassingly
simple approach

Real Weather measurements

from Meteo station in Kopaida s

Latitude : 3845074° N
Longitude : 22.99469° £
Altitude: 98m

aaaaaaaa
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Hmm,

but what is the
effectiveness of our
recommended
actions?



Evaluating agricultural
recommendations



Book] Evaluating decision support and expert systems
L Adelman - 1992 - dl.acm.org
Three approaches to evaluating decision support and expert systems are presented:

Table 1. Evaluation methods overviewed herein

subjective, technical, and empirical. Subjective evaluation assesses the decision support or SUbjCCtiVC evaluation methods for requirements validation and to obtain
expert system from the perspective of the system's users and sponsors. For subjective system performance and usability judgments

evaluation, the author presents several techniques including multiattribute utility technology,

cost-benefit analysis, and decision analysis. Technical evaluation determines whether the Multi-Attribute Utlllty Assessment (MAUA)

delivered system is a good technical product. Technical evaluation techniques include ...

Task analysis
Yr Save 99 Cite Cited by 353 Related articles

Interviews and questionnaires
Observation
Human factors checklists
; User diaries
Q : 7 = : = = & o &
@ Eﬁ(g« l @ Technical evaluation methods

De Do Do Do Do Do o Po
Do Do Do Do Do Po po Po
Do Do Do Do Do Do o Do
De Do Do Do Do Po o Po
De Do Do Do Do Do Do Do
De Do Do Do Do Do Do Do

5 A
-] =

Static and dynamic analysis to assess the logical consistency and

I
I
I
I
I
I
1 completeness of the knowledge base
I

I

I

small scale studies in vitro  in vivo I 11 111 EMA EC scale up production safety studies > .
Domain experts and the use of test cases to assess the functional
Pharmaceutical | oo cinical || clinical trials | Evaluation & e == completene.ss and predictive accuracy 9f the kflowledge base
gty U e = = Ll g Software testing methods to assess “service requirements”

Empirical evaluation methods to obtain objective measures of system
performance
Experiments

Quasi-experiments

Ok, Iets run our Case studies (i.e., field tests)
experiments!




id ha variety sdate hdate yield21 lat lon 014

Context info

2021-  2021- 0.12
0 80 18 ARMONIA o %0 (057 24000 38523236 22959435
0.10
2021-  2021-
1228 02 ST402 g, 50 (o'p7 32000 38531556 22961721
5.0.08
'E prediction
2021-  2021- 8 0.0
2 233 055  ST402 (,50 (op7 28000 38532873 22961703 006 - 10
2.0
. 3.0
2021-  2021- 0.04
3 230 055  ST402 (,50 (o7 2880.0 38530406 22961877
0.02
2021-  2021-
4 3 248 FIDEL 0,71 oopo 30600 38517362 22994160
0.00
o o o N & o o> o
,Lq’ly ,1({1:\‘ ,LQ'L\" ,LQ’L\" ,LQ’L‘\" ,LQ’L\" ;LQ’L\" ,LQ’L\"
sdate
2021-  2021-
166 66 0.26 FIDEL  0c'06  0opp 3000.0 38495017 22.999464 7 :
—— Pageviews
60
167 206 097  ST402 2021 2021- 54504 38572107 22.996148
: 0507 09-10 . é .
50
2021-  2021-
168 207 0.9 FIDEL 07  goq5 33000 38521262 22976469
2021-  2021-
169 204 182 FIDEL o207 o015 27000 38497463 22.969979
2021-  2021-
170 82 194 ARMONIA o fc  ©0°° 28000 38521021 22.957991 -




But, is ok to simply run a

0.0004 .
independent t-test?
0.0003 | What are the assumptions under
éaoooz the hood?
1.  the scale of measurement applied to the data collected
0.0001 follows a continuous or ordinal scale, such as the v
scores for an 1Q test.
0.0000 ’ 2.  The data, when plotted, results in a normal distribution,u
bell-shaped distribution curve. ~
—2500 0 2500 5000 7500 10000 3. There is a reasonably large sample size is used. A

larger sample size means the distribution of results |4
should approach a normal bell-shaped curve.
: ; , 4. Homogeneity of variance. Homogeneous, or equal,
from scipy.stats import ttest ind . ist hen the standard deviati f
ttest ind(df asoo[df asoo.prediction<3].yield21, variance exists w ep € standard geviations o
df asoo[df asoo.prediction==3].yield21) samples are approximately equal.
5. Datais collected from a representative, randomly x

Ttest indResult(statistic=-1.8055164512525876, pvalue=0.0727 . .
- selected portion of the total population.

The Average Treatment Effect (ATE) df asoo updated.query("prediction<3")["yield21"]. df_asoo_updated.query(“"prediction==3")["yield21"].std()

y . . 836.0874132137353
like as we have runned a randomized expirement 891.496540449066

df asoo updated.query("prediction==3")["yield21"].mean() - df asoo updated.query("prediction<3")["yield21"].mean()

258.77851239669417



15 12.5 | " |
10.0 i
10 75 10 ;i
i 5.0 I Tl
2.5 = ; ll .
9| - = .
1 ml. = -! 0o M N T = 0 Wm m |
2000 3000 4000 5000 2000 3000 4000 5000 6000 7000 0 1000 2000 3000 4000 5000
t-test between two groups - 2020 t-test between treated of 2021 and their yields of 2020 t-test between controls of 2021 and their yields of 2020

# only parcels with available yields for 2020

: § 3 from scipy.stats import ttest ind from scipy.stats import ttest ind
I{::tsﬁs)('&:t:::omport Hestind, icti i ttest_ind(df_asoo_yield20[df asoo yield20.prediction==3].yield21, ttest ind(df_asoo_yield20[df asoo yield26.prediction<3].yield21,
i i _yield20[df asoo yield20.prediction<3].yield2e, — — —J = =2 s z = = — = s B :
df asoo_yield20[df asoo yield20.prediction==3].yield20) df _asoo_yield20[df_asoo_yield26.prediction==3].yield26) df_asoo_yield20[df asoo yield2@.prediction<3].yield20)
Ttest_indResult(statistic=-0.11261261771291173, pvalue=0.91051832 Ttest_indResult(statistic=-0.4869871939773592, pvalue=0.627633147: Ttest_indResult(statistic=-3.2332272996540423, pvalue=0.00146742

About skills... how many of them sown in both cases 1en(set(farmers parce

0.6111111111111112
I II I ll I l’ mean(df_asoo yield2@[df asoo yield20.prediction<3].yield2l - mean(df asoo yield20[df asoo yield2e.prediction==3].yield21
° ° ° ° ‘ 0 -
Interesti ng Iinsig hts! o
°
).std(df_asoo_yield20[df asoo yield26.prediction<3].yield2l - itd(df asoo yield20[df asoo yield2e.prediction==3].yield21 -

Something QOOd 47181.1424981448293 ;57.8693427769282
happens there!



Evaluating
agricultural
recommendations
using

causal inference ftw



ident

Control and treatment are identical and their behavior is

v v
(=) (-] deterministic. Causal effect of treatment is directly the difference
Experiment T T between observations for the two groups.
' ® Physics, Biology,-Seciat-sciences-
0 Control and treatment are not identical but divided at random.
s This makes it possible to build a precise estimate of the causal
Statistical " effect of treatment.
Experiment

ety |

A/B testing, Central Limit Theorem, Bayesian Statistics

Quasi-experiment

LU

'wa; Teieee

Control and treatment are not identical and divided by a "natural"
criterion. Depending on "internal" and "external" quality of the
criterion, it is possible to build a good estimate of the causal effect
of treatment.

Differences-in-differences, Regression Discontinuity,
Instrumental variables, Matching, Controlled Regression

Counterfactuals

T'I"I‘i"l"l‘

S

Control group does not exist, instead its behaviour is estimated
with a predictive model of what would have happened without the
treatment (= counterfactual).

Synthetic Differences-in-Differences, Athey & Imbens
Causallmpact .

Levels of evidence ladder for
causal inference methods




DoWhy Iibrary\

mechanisms target estimand effect

Model causal Identify the }» Estimate causal Refute estimate

Domain

Knowledge K /
§

Causal effect




Woatter Remote
Weather ki Sensing
:Y:er:?aes: in sowing w':ﬁ:z’" indices
day ® (NDVI,
(after NOMI}
sowing)
N » | /, \
causa A APt
- g es before
mechanisms | “sowng
Sowing »
Action
(in ideal or
non ideal

10-day
conditions)

Length of
Season

+
Harvest
Date

Observed

Mostly Unobserved, but Common and standard
practices from the most producers of the cooperative

Partially Observed (in terms of
resolution/detail)

Unobserved

Treatment & Outcome

00000

Our causal gra



dentify the

target estimand

Estimand type: nonparametric-ate

### Estimand : 1
Estimand name: backdoor
Estimand expression:

d
——  (Expectation(yield21|clay mean,HIGH,occont mean,LOW,silt mean,san
d[prediction]

d_mean,var_code,ratio))

Estimand assumption 1, Unconfoundedness: If U-{prediction} and U-yield2l then P(yield2l|prediction,clay mean,HIGH,oc
cont_mean,LOW,silt mean,sand mean,var code,ratio,U) = P(yield21|prediction,clay mean,HIGH,occont mean,LOW,silt mean,
sand_mean,var_ code,ratio)

### Estimand : 2
Estimand name: iv
No such variable(s) found!

### Estimand : 3

Estimand name: frontdoor

Estimand expression:

Expectation(Derivative(yield21, [trapezoidal ndvi sow2harvest])*Derivative([tr

apezoidal ndvi sow2harvest], [prediction]))

Estimand assumption 1, Full-mediation: trapezoidal ndvi sow2harvest intercepts (blocks) all directed paths from pred
iction to y,i,e,1,d,2,1.

Estimand assumption 2, First-stage-unconfoundedness: If U-{prediction} and U-{trapezoidal ndvi sow2harvest} then P(t
rapezoidal ndvi sow2harvest|prediction,U) = P(trapezoidal ndvi sow2harvest|prediction)

Estimand assumption 3, Second-stage-unconfoundedness: If U-{trapezoidal ndvi sow2harvest} and U-yield2l then P(yield
21|trapezoidal ndvi sow2harvest, prediction, U) = P(yield2l|trapezoidal ndvi sow2harvest, prediction)



(a) Matching Methods:

| Estimate causal > Treatment Groups O Matching methods (e.g., propensity score
‘ effect analysis) selects control and treatment
‘~ o 0: e @ groups that are similar across selected

° covariates—based on confounding

variables—to reduce confounding bias
Control Groups

ATE = E[Y; — Y] ol odogel et teo eloele o Benefit of Caus.al D/agrgms. |
. 00,0 o o ®° O Allows appropriate selection of variables
to enter the propensity score, reducing
confounding, overcontrol, and collider
0 0.5 i bias
Propensity Score

Training : Predicting

Causal Effefct Estimation Methods ATE Cl p-value

' L A ;g(;) ‘ : ‘ : Linear Regression (like S-Learner) 457.02 (117.43,796.61) 0.0086
=== — P! Matching 397.84  (42.40,789.82) 0.0160
-\ : ‘flr“‘f‘fj‘,f \‘””*’,\3 T-Learner (RF) 365.88 (-590.96, 1261.82) -
T: } @ vt ) Matching with trimmed PS (0.20,0.80) 31058  (-63.72,603.95)  0.062

IPS weighting trimmed (0.10,0.95) 532.77  (150.53,906.01) 0.0010
CATE IPS weighting trimmed (0.2,0.8) 447.39  (96.69,749.71) 0.0060



Refutation Methods Causal Effefct Method Effect New Effect p-value
Placebo Linear Regression 457.02 21.38 0.39
e ST | ma te Matching 397.84 251 045
T-Learner (RF) 365.88 -27.37 0.41
Matching with PS 30117 -0.67 0.49
Matching with trimmed PS (0.15,0.95) 787.83 -27.68 0.46
Matching with trimmed PS (0.20,0.80) 310.58 40.10 0.41
IPS weighting trimmed (0.10,0.95) 532.77 1551 048
IPS weighting trimmed (0.2,0.8) 447.39 -15.67 0.47
Random Common Cause Linear Regression 457.02 455.74 0.5
Matching 397.84 405.65 0.46
T-Learner (RF) 365.88 362.15 0.47
Matching with PS 301.17 447.84 05
Matching with trimmed PS (0.15,0.95) 787.83 457.76 0.01
Matching with trimmed PS (0.20,0.80) 310.58 488.16 0.06
IPS weighting trimmed (0.10,0.95) 532.77 533.39 0.47
IPS weighting trimmed (0.2,0.8) 447.39 444.62 0.38
Removing Random Subset Linear Regression 457.02 447.67 0.50
Matching 397.84 397.06 0.46
T-Learner (RF) 365.88 345.73 0.43
Matching with PS 30117 588.01 0.48
Matching with trimmed PS (0.15,0.95) 787.83 526.23 0.16
Matching with trimmed PS (0.20,0.80) 310.58 488.54 0.46
IPS weighting trimmed (0.10,0.95) 532.77 533036 045
IPS weighting trimmed (0.2,0.8) 447.39 440.09 0.49

Unobserved Common Cause Linear Regression 457.02 (-188.54, 509.53)

Matching 397.84 (-308.35, 452.68)

T-Leamer (RF) 365.88 (-236.59, 396.54)

Matching with PS 301.17 (-359.41,532.39)

Matching with trimmed PS (0.15,0.95) 787.83
Matching with timmed PS (0.20,0.80) 310.58
IPS weighting trimmed (0.10,0.95) 532.77 (-245.06, 604.94)
IPS weighting trimmed (0.2,0.8) 447.39 (-244.82, 495.38)



Let’s take P&
our drinks =
and discuss It S



