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l. Uncertainty in Remote Sensing (Classification)
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l. Uncertainty in Remote Sensing (Classification)
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II. Human Label Uncertainty
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II. Human Label Uncertainty

Label Evaluation Study:

For a subset (European cities + addon areas), J=10 different voters independently labeled each image patch:

Vl(z)v( V( { I{}v": ERRERLE :> Y‘l"(a) - Zj]l{v'(i}:k}
. j |

individual votes observed counts for class k of image i

One-Hot encoded labels: Distributional encoded labels:

Yr%x = max Y( ) yélir Y(i)/ﬂj
J

M = # of votes
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II. Human Label Uncertainty
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II. Human Label Uncertainty

Model in use:

Sen2LCZ (Qiu et al. 2020), CNN-based Deep Learning model superior over many
commonly used image classification models for LCZ42 image classification
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Fig. 2: Architecture of Sen2L.CZ-MF. The three light blue lines correspond to the part of multi-level feature fusion. Note that

all convolutional layers are followed by batch normalization. The depth D = 4N + 1, and the width depends on the filter
number of the first block, which 1s doubled for each subsequent block.
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Embedding Uncertainty Into Training

Training with distributional labels (Kullback-Leibler (KL) divergence):

(1) (m) Yo
! Jdistr. k
['KL(vaa:(l): (Tn)ny Yy ) = ZZU g J
: distr? * * * v Jdist distr.k ;
istr 1sr ) L istr Q(y(l) — k|a»:(?,))
' A Priori Calibration Post-Hoc Calibration '
Label Smoothing: Temperature Scaling:
i (%) (7)
ylo) o-ug + (1 —a)-y@  softmax(21) = exp(z0/T)  _ ( exp(z /T) exp(z / T) )
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I1l. Embedding Uncertainty Into Training

Training with One-Hot Encdoded Labels: Training with Distributional Labels:
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I1l. Embedding Uncertainty Into Training

Table 1: Performance scores on the test set. Accuracy and other related measures were derived with
respect to the majority vote. All scores are averaged over 5 runs. OA = overall accuracy, MAA =
macro avg. accuracy, WAA = weighted avg. accuracy, x = kappa score, LS = Label smoothing.

OA *+ MAA * WAA *+ K1
One-hot 684455 429464 696+22 602+6.4
+1S 675+24 50.3+3.5 69.94+20 594427
Distr. 67.0+22 458+39 71.04+0.5 588424
+1S 68.6+2.3 434461 697+21 60.4+2.8
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|. Embedding Uncertainty Into Training

Calibration metrics considered: Generalization metrics considered:

M
ITTL
ECE = Z L] lacc(I,,) — conf(l,,)|
n K
m=1 _ ; ;
CE(fide- o (y12) = =D w1 log(po(y") = k)
MCE = max | acc(l,,) — conf(1,,) | =l

m

K
CE (ygiar o (47 [2)) = = >~ yiihe x Jog(po (™) = klz)
K M k=1

SCE = T Z Z lacc(m, k) — conf(m, k)|

k=1 m=1

Guo et al. 2017, Nixon et al. 2019 Peterson et al. 2019
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I1l. Embedding Uncertainty Into Training

One-hot Labels (CE Loss) 10 Distributional Labels (KL Loss)
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I1l. Embedding Uncertainty Into Training

Table 2: Cross-Entropies between predicted softmax probabilities and labels on the test set as
well as calibration errors, averaged over five runs. CE = Cross entropy, LS = Label smoothing,
TS = Temperature Scaling, MC-Drop = Monte Carlo Dropout. Binning was performed using 20

equally-sized bins.

One-hot

+LS

+ TS

+ LS & TS

+ MC-Drop

+ LS & MC-Drop

Distr.
+ LS
+ TS
+LS & TS

CE One-hot |  CE Distr. | ECE | MCE | SCE |
1.124+0.05 1384007 9794+3.18 23.14+397 1.0340.50
1.05+0.01 1234003 733+262 1980+4.82 1.114+0.25
1.00+£0.13  1.174007 4154+237 1588+ 10.60 1.44+0.22
1.024+0.03 1.184+002 3.214+0.96 11.304+4.26 1.32 4+ 0.03
1124005 1374006 957+3.11 23.10+422  1.04 +0.49
1.05+0.01 1234003 7.114+241 332242660 1.124+0.24
1.06+0.07 1.214+0.07 5.80+£1.07 15.574+4.22  1.21 & 0.20
0.984+0.03 1.0840.02 8314+246 17.32+4.84 1.73+0.06
096 +0.09 1.074+007 5894250 15374394 1.7240.15
0.954+0.04 1.05+0.04 421+138 15354195 1.58+0.10
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V. Findings

* Training objective with uncertainty is same at the core, but misclassifications aren‘t
punished as hard as usual during training

* Natural calibration occurs when using labels with distributional form, competitive
to off-the-shelf methods which require additional data for hyperparameter tuning

* Generalization performance in terms of cross entropy also increases, even when
generalizing to one-hot encoded test data

| MUNICH SCHOOL FOR

DATASCIENCE ~ C1.07.1 ML4Earth: Machine Learning for Earth 26.05.2022

| HELMHOLTZ | TUM | LMU

2 T M=




ESA Living Planet Symposium 2022, World Conference Center Bonn, Bonn, Germany

V. Conclusion

Label uncertainty is often neglected in Earth Observation models

Valuable information is hidden from model if uncertainty associated with the
labels is not considered

* Incorporation of existing label uncertainty is seamless and requires little changes

* Generalization increases, calibration occurs naturally
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Thank you for your attention!

CALIBRATION DISGUSSION IS
COMING
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