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AbstractRemote sensing deals with a plethora of sensors, in various remote sensing tasks, including classi cation [2],
a large number of classes/categories, and a huge variation in[3], hyperspectral image analysis [4], [S[. [6], semantic seg-
geography. Owing to the dif culty of collecting labeled data mentation [7], [8], [9], change detection [10], [11]. [12],

uniformly representing all scenarios, data-hungry deep learning . . g . -
models are often trained with labeled data in a source domain 'Mad¢ retrievall[13],[[14], target detection [15]. [16], disaster

that is limited in the above-mentioned aspects. However dur- management. [17],[[18], cloud detection and removal [19],
ing test/inference phase, such deep learning models are often[20], [21], and image fusion_[22]) [23]/ [24]. Most of these
subjected to a distributional shift, also called out-of-distribution methods assume that the model is trained on a data set that
(OOD) samples, in the form of unseen classes, geographicy,q similar geographical characteristics as the targetarea [25],
differences, and multi-sensor differences. Deep learning models . S
can behave in an unexpected manner when subjected to such!€" _the source data distribution is the same as the target data
distributional uncertainties. Vulnerability to OOD data severely ~distribution. Moreover, they assume that the source and the
reduces the reliability of deep learning models and trusting on target data have an identical set of classes. But in practice
such predictions in absence of any reliability indicator may remote sensing deals with a large number of sensors, operates
lead to wrong policy decisions or mishaps in time-bound remote across a signi cant variation of geographies, and a large

sensing applications. Motivated by this, in this work, we propose — S . L
a Dirichlet Prior Network-based model to quantify distributional number of classes [26]. Considering this variation, the above

uncertainty of deep learning-based remote sensing models. The @ssumptions often do not hold in remote sensing. There are
approach seeks to maximize the representation gap betweenfew works related to domain adaptation [27]. [[28]. [[29] that
the in-domain and OOD examples for better segregation of try to align the target distribution with the source distribution.
OOD samples at test time. Extensive experiments on SeveraIHOWGVGI’, such methods are only effective when the domain

remote sensing image classi cation data sets demonstrate that the hift bet th dt ti L M th
proposed model can quantify distributional uncertainty. To the Shift between the source and target 1s small. Moreover, they

best of our knowledge this is the rst work to elaborately study d0 not consider the presence of unseen/open-set classes. Deep

distributional uncertainty in context of remote sensing. The codes learning models are likely to fail or behave in an unexpected

are pub_IiCIy available at https://gitlab.Irz.de/ai4eo/Uncertainty/-/ way when faced with open-set classes, e.g., when a deep
tree/main/DEN-RS. model trained on images from forest area is applied on urban
Index Terms Out-of-distribution, Uncertainty, Distributional images consisting of residential complexes and parking lots.
uncertaintyz Open Set Recognition, Robustness, Re'labl“ty, Re- S|m||ar|y’ deep models behave in unexpected way when they
mote Sensing. are fed with data from seen classes but with considerable
geographic variation, e.g., when a model trained on European

. INTRODUCTION urban area (where skyscrapers are rare) is used to predict

. o . test images from Asian urban areas. When deep learnin
Deep learning has revolutionized the eld of remote sensing 9 b g

in the last few years[1] and has been successfully appli é)dels fail, they do not provide suf cient clue to the user,
y - Y appig ving unforeseeable impact in remote sensing applications,
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data (aka aleatoric) uncertainty, and distributional uncertaintiireshold as belonging to that class. However, if the pixel-wise
Epistemic uncertainty stems from a model’s lack of knowledgwobability is inferior to the threshold, the pixel is classi ed as
(e.g. limited training data, limited complexity, errors in thepen-set. Dangt. al. [37] proposed an open set incremental
training process, etc.) while aleatoric uncertainty arises frolearning-based method for target recognition by exploiting
complexities related to data distribution (e.g. class overlap éxtreme value theory (EVT). Wat. al. [38] introduced open
data). Distributional uncertainty is related to the mismatcet recognition to hyperspectral image classi cation.
between the training and the test data and can be seen as/ few works identi ed that the models may likely fail if
special case of model uncertainty [32]. In remote sensing, dapplied to new geographic locations considerably different
tributional uncertainty may arise due to various reasons, efyam the training datal[39],[[40]. To quantify the area of
unseen classes, geographic differences, and sensor differeragglicability, Meyer and Pebesimia [39] proposed a dissimilarity
Considering its high relevance in remote sensing, in this workdex based on the minimum distance to the training data in

we focus on distributional uncertainty [31]. multidimensional predictor space. [n[25], an applicable model
The key contributions of this paper are as follows: is learned by using unlabeled data from each geography of
1) Introducing the concept of out-of-distribution detectiofterest. .
in remote sensing. Contrary to the previous works, our work tackles all forms

2) Proposing a Dirichlet Prior Network (DPN)-based moddf distributional shift (e.g., open set, spatial shift, and sensor
that can quantify distributional uncertainty in context ofhift) in same framework. Moreover, in contrary to previous
3) Extensively experimenting on large scale remote sensiRgjichlet Prior Networks, a well-founded theoretical frame-
data sets for open set recognition, sensor shift, aM@rk for uncertainty estimation. Our work is also a step
region shift. forward towards building explainable remote sensing model
4) Providing a benchmark which can facilitate further re41], [42].
search on remote sensing distributional uncertainty. . .
) ) B. Bayesian frameworks for uncertainty
Extensive experiments demonstrated that the proposed ap- . . .
. , ._"Bayesian frameworks are traditionally used to model predic-
proach is able to detect OOD examples in remote sensin

images, thus improving the reliability and robustness of dee\ge uncertainty of a classi er. The sources of uncertainty [31]

learning-based models. To the best of our knowledge, trﬁ%” be b_roadl_y categonzgd into the foI_Iowmg three categp res.
1) Epistemic uncertainty characterizes the uncertainty

is the rst work that extensively addresses out-of-distribution
detection in remote senslﬂg caused by the lack of knowledge of the network, caused

The rest of the paper is organized as follows. We brie y for example by insuf cier!t train!ng datf”l’. a shortage of
discuss the related works in Sectibn 1. In Sectlod Il we model g:apabllltleg oran insuf cient training process.
detail the proposed method and in Secfion IV the data sets; ) g\leatg_rlc _Engertalntyarlfes from Ithe C%erLeT'ty n thé
experiments and results are presented. A critical discussion on ata distribution, &.9,, class overlap and label noise. E.g.,
different distributional uncertainties in context of our results dgtg having d'ﬁere’.‘t vqlue in label space may have very
is presented in Sectign|V. We conclude the paper and discusi) similar representation in the feature domain.

. Distributional uncertaintyarises from a mismatch in
scope of future research in Sectjon VI. o - .
P on the distribution of the training and the test data. Dis-

tributional uncertainty is likely in remote sensing due
to differences caused by new classes in the target data,
Uncertainty quanti cation gained attention of the remote geographic shift, and multi-sensor differences.
sensing community even before the emergence of deep leanata uncertainty is in general modeled as a con dence predic-
ing [33], [34]. Despite this, there are only a few works thafon by the neural network itself, e.g. by a soft-max probability
explore distributional uncertainty for remote sensing and topigector [43], [32]. Bayesian neural network-based approaches
closely related to it[[35]. In Section THA we brie y discusscapture the model uncertainty by modeling the network pa-
them. We also briey discuss different existing Bayesiafameters as probability variables. A posterior distribution over
paradigms in the machine learning literature to handle uthe parameters is derived based on the given training data
certainty (Sectiof T1-B). Our work is not in contrast with theand predictions are realized by sampling different sets of
domain adaptation literature, as explained in Sedtion| II-C. parameters from this posterior. Different ways of approximat-
ing such a posterior are available, e.g., Monte Carlo dropout
A. Detecting distributional shifts in remote sensing [43], Laplace approximation_[44] or deep ensembles [32].

s wever, it i mputationally very expensiv r h
One common form of distributional shift is the presence o'_fio ever, itis computationally very expensive to produce suc

. ; ensembles, thus limiting the application of existing ensemble
gz\’gcgssseef :gct;gert]?[:gr?t gﬁf; -;T'S[gg])blféngsaes dalas?nt:rfg ddgr?zt Bayesian approaches in such scenario. Dirichlet Prior
for O%en set aerigl imaé;e seéméntatioﬁ 'IF')hey assign a pi)lzle[twork (.DPN) and iFS variants are introduced In]{31[.1[45]
with a class con dence (given by the soft.-max) that exceedsaa an ef C|e'nt adaptation of the Bayesian netw_o'r ks. Our work

directly derives from the[[31],[45] thus exploiting the ben-

1The code for this work is available under e ts of Bayesian modeling while still being computationally
https://gitlab.Irz.de/ai4eo/Uncertainty/-/tree/main/DPN-RS. ef cient.

II. RELATED WORKS
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C. Position in reference to domain adaptation

Domain adaptation [28]/ [46] is a branch of multi-domain
learning. A model trained on a source domain is modulated by
domain adaptation techniques to be applied on another target
domain. However, domain adaptation assumes that either a few
labeled data samples or a large unlabeled data set from the
target domain is available during the training of the model.
If the target domain data is completely unseen during the
training, the most domain adaptation methods do not have the
capability to mitigate differences between domains and may
eventually produce unreliable predictions. Thus, it is important
to be able to identify the test samples that are drawn from
a distribution unseen during the training. This is where the

out-of-distribution detection comes into play, further pushlngg. 1. Avisualization of the data environment. The in-distribution represents

forward the paradigm of multi-domain learning. the data on which the network is expected to deliver accurate predictions.
Out-of-distribution (OOD) covers any other kind of data that is signi cantly

different from training data distribution. The OOD training data set is used

lll. PROPOSED METHOD to train the network to handle OOD examples, but can only cover a small

Remote sensing deals with a vast set of data types, Vary'mJgion of the OOD region. While trained, the network can handle any OOD
in geography, climate conditions, sensor properties, end apﬂﬁ‘za'
cations, and target classes. It is expensive, both in terms of
time and effort, to collect labeled data uniformly representingirichlet distribution is the conjugate prior of the categorical
all scenarios. Thus most deep learning models are trained wdiktribution and can be interpreted as a distribution over
limited training samples in a source domain that is limitedategorical distributions. While the probability vector given
in the above-mentioned aspects. During test/inference, wHayn a soft-max function represents a single point on the un-
the model is fed with data that does not follow the souragerlying solution simplex, the Dirichlet distribution represents
domain distribution, the model predicts in unexpected fashioa.distribution on this simplex. Following, it can be used to
Our goal is to propose a framework that handles the abovepresent the uncertainty on a classi cation network’s output
mentioned sources of uncertainty in the same framewovkctor. A Dirichlet distribution forlK classes is described by

without any adjustment being made for different sources ofass concerlgratiorfs 1,5 k @> 0and a derived precision
uncertainty. Towards this, we adopt an ef cient adaptation efilue o = :f:l ¢- With this, the density of a Dirichlet
the DPN approach[45]. The Dirichlet distribution is popularlgistribution is given by

used as a prior distribution in Bayesian learnihgl [47]. Moti- ¥

vated by this, Malinin and Gales [31] proposed Dirichlet Prior Dir(j )= QK(io) R (1)
Networks (DPNs) for an improved detection of OOD samples. c=1 c) =1

DPNs are deterministic neural networks that ef ciently mimigyhere is the gamma function. A higher class concentration
the behavior of Bayesian neural networks by parameterizing a for the classc leads to more probability mass shifted
Dirichlet distribution over the categorical distribution giveRowards the corner of class. And the higher the resulting

by a soft-max classi cation output. Convenient to remotgrecision value, the sharper is the Dirichlet distribution, i.e.
sensing applications, any neural network with a soft-maKe |ower is the variety in the plausible categorical probability

activation can be considered as a DPN. Following the ideactors. In Fig[ this is visualized for a Dirichlet distribution
Malinin and Gales, several other DPN-based methods for OQJased on three classes.

detection were developed [48], [49], [45]. In this work we take

inspiration from the Dirichlet distribution-based approache~
and propose DPN-RS which transfers DPNs to remote sens
settings.
Sectior] ITT-A brie y introduces the Dirichlet distribution. In
(b) © (d)

Section[1-B, we detail the Dirichlet Prior Networks (DPN) (@

and we brie y discuss its suitability for remote sensing data i
Y y 9 Hg. 2. The different desired Dirichlet distributions shown over the simplex

Section IM-G. Finally, we present DPN-RS in Sectfon TlI-D. (¢t '@5)). () in-domain con dent: high class concentration for a single

classci, (b) In-domain aleatoric uncertainty: High class concentrations for
A. Dirichlet distributi all three classes leading to a sharp and centered Dirichlet distribution, (c)
- Dinchlet distribution OOD (with DPN): Low class concentrationg > 1 for all classes leading to

In probability theory, a categorical distribution is a discretat and cer_ltered Dirichlet distribution, (d) (_)OD (with DPN-RS): Low class_
bability distributi that d ibes th ibl It fconcentratlons i < 1 for all classes leading to a degenerated and multi-
probability _|str| ution that describes the possible results of g, qa| pirichlet distribution.
random variable that can take on onekofpossible categories N )
[50]. In classi cation tasks, the popularly used soft-max actB- Dirichlet Prior Network
vation function transforms the output of a neural network to Since a Dirichlet distribution describes a distribution over
a probability vector describing a categorical distribution. Theategorical distributions, it can be used as a distribution over
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the outputs of a neural network with outputs. For a neural data uncertainty DPNs aim to produce a sharp distribution at
networkf (x) with parameters and inputx the network out- the center (Fig[ 2(b)) and for OOD data a at distribution
puts before the soft-max activation function are called the lo@Fig. [2(c}).
its and are given by (x) = z(x) = ( z2(X); 5 zk (X)) 2 RX. The key architecture of the deep model remains unmodi ed
The logits are in general unbounded and can be both, positvith a DPN, except removing the soft-max activation after
and negative. A Dirichlet Prior Network (DPN) uses the logithe nal layer, i.e., outputting the logits. However, the key
output to predict the log-concentration of a Dirichlet distributo achieve the desired behavior is the design of a multitask
tion. With predicted logit values;; :::; z« , the network param- optimization loss function, i.e. a loss which simultaneously
eterizes a Dirichlet distribution with (positive) concentrationsupports the network in learning the classi cation task for

c = exp(z(x )); ¢ =P1;:::;K. E‘guivalently, the precision in-distribution samples and learning to predict very small
value is given by o = 5:1 c= CK:1 exp(z:(x )). class concentrations for OOD examples. For that, the loss has

With this formulation, the posterior distributiop(! jx; ) to differentiate whether a received prediction is based on a
over the possible class labéls2 f 1;2;::;; K g is given by the sample fromD;, or D, and hence should be of the form of
expected value of the Dirichlet distribution

. L()=Lin()+ Lou(): ®3)

YIX )= ir (j . . . e

PC 1 )= Boir (i) [P] where > 0is a scalar, balancing the impact of in-distribution
= p()Dir(j )d ) and OOD samples. In order to achieve the desired behavior

Malinin and Gales[[31] presented a loss function based on the
=-°: Kullback-Leibler (KL) divergence between the target Dirichlet

0 distributionDir (j ™) orDir (j °uY for some sample&, and

The posterior given in[{2) is equivalent to applying the softne corresponding predicted Dirichlet distributipijx; ):
max function to the logit values of the network.

The challenge in optimizing the posterior distribution usind-* ;™ ®* = Ep,9 KL Dir (j Miip(ix; )
standard neural networks with a soft-max activation function + Ep, KL Dir (j °9jp(jx; )
and cross-entropy loss function lies in the scaling of the 4)

posterior. As evident fronf [2), the scaling of the concentrations . . o -

( ) affects the precision (). Thus, looking only at the E’iguta”d Pout dfst%”be the Ig_tart]r? ?ut—dltstnbuuont a?d‘ ands

soft-max value, one can not conclude on the precision %f represent the ground-truth target concentrations. since

the Dirichlet distribution. Following, the network is optimizedt N tar_get concentrations can not be_ derived from the one-hot

based on pointwise estimations of the posterior distributi coding (due to the scaling described before), these values
%fave to be chosen beforehand|[31].

instead of taking the uncertainty on the posterior into account. . . -
As a result, it is not possible to separate distributional and dataBased on further investigations, Malinin and Gales [48] also

uncertainty effectively, leading to dif culty in the detection ofpresented a loss function based on reverse Kullback-Leibler

out-of-distribution samples. divergence:

The DPN tackles the above-mentioned challenge by desigh™ ; ™ ©° = Egp KL p(jx; )jDir j ™
ing a multi-task learning paradigm. In order to separate in- + Ep.. KL p(jx; )ijDir j ot -
distribution samples and OOD samples, the network is trained (5)

on a mixture of two sets, a set of in-distribution sampleg D ) ) .
and an additional set of OOD samples(f). Please note that _The reverse Kullback-Leibler divergence showed improvement

the setD oy for training is not necessarily drawn from samd the numerical stability and OOD detection results in com-
distribution as the OOD samples during test/evaluation (sB@rson tol[31]. However, as shown by Nandy et al. [45], for
Fig. [T). The OOD samples during training 48 are only in-domain examples with high aleatoric uncertainty among

used to learn a boundary on the in-distribution samples. Orf@/ltiple classes, DPNs produce at Dirichlet distributions
trained, the network can be applied on any OOD Samp@g?].'ln.prgcthe this could easily lead to representations which
even those that have a completely different distribution th&h€ indistinguishable from OOD examples.
the OOD samples used during training.
The general purpose of DPNs is to predict different forms &F. Suitability of classical DPN for remote sensing
Dirichlet distributions in order to separate the following three The DPN is a suitable framework for remote sensing image
cases: classi cation for the following reasons:
1) In-distribution examples where the network is certain in 1) Considering the variety of remote sensing data, OOD
its prediction. data may come in many unforeseeable forms in remote
2) In-distribution examples where the network is uncertain. sensing. DPNs provide the exibility that all samples
3) Out-of-distribution examples. from all possible distributions do not need to be seen
DPNs seek to differentiate between in-domain and out-of-  during the training phase. E.g., considering a spatially
distribution samples based on the predicted class concen- varying system, if the in-domain training data belongs
trations. More explicit, they aim to produce a uni-modal to Europe and OOD training data belongs to Africa, the
distribution at the corner of the solution simplex with the DPN model is capable of handling OOD test data from
correct class (Fig. 2(p)) [31]. For in-domain samples with high  Asia.
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Data Environment by the sigmoid function on the logits:

Training-
Data
SetOOD label to

uniform distribution.

o 1X
0= K sigmoid(z(x)) :
c=1

S is used as a regularizer along with the cross-entropy loss.
This gives the following two loss formulations for in-domain
and OOD examples:

Pass datax through network _ . R ] . 0
update | with parameters . < Update Lin( 5 in) == Eppxy)  109P(YIG ) in o (6)
17 and
Receved logits: ) 0
z(x) = ( za(x); 22(x); 25 2k (X)) Lout( ; out) := Epgyxy) Hee(U;plyix; )) out o ; (7)
Computeregularizatijn term and probability: whereU denotes the uniform distribut'ion over all .classes and
% Hce denotes the cross-entropy function. With this approach,
9= Ki sigmoid(zc(x)) the ground truth is given by a probability vector and can be
_ c=1 therefore directly derived from the class labels and no target
POy ) = softmax(2x)) concentrations have to be chosen. The precision is controlled
¥ N by two hyper-parametersj, and o [45] and the combined
In-Distribution (classc) Out-of-Distrikution loss-function is given by
Minimize: Minimize: DPN-RS, . . . — (- . . .
Lllog pOyix ) m § | [He(ipyix ) ou § [ L Tiiom o= LinG )+ Lo oudi (8)
0> 01 7)) >18¢ || ou< 0! z(x)<< 08¢ where again in-domain and OOD samples are balanced by a
andz(x) >> 1 hyper-parameter > 0. For the proposed approach, we use

in > 0, while oy < 0. For in-domain examples which
Fig. 3. Visualization of the training procedure for the considered DPN-R&re con dently predicted, the cross-entropy loss maximizes
network. the logit value of the correct class. However, for in-domain

2) DPNs can be used without altering the key architectu?@mplgs with aleatoric uncertainty, f[he_optimizer quimizes
of the models already used in remote sensing classi ca'gmo'd(%(x)) for all classes, thus yielding a sharp distribu-
tion tion centered on the solution simplex. By choosing: < 0,

3) A DPN is a single deterministic neural network wher®PN-RS produces negative values fny(x ) for an OOD

only one forward pass per evaluation has to be peerg(amplex - This leads to c << 1 for all €= 1;:::;K..’
formed. This leads to less computation than for oth d thus an OOD sample yields a sharp multi-modal Dirichlet

approaches as ensembles or Bayesian Neural Netwo §'tr|but|on with probability mass at each corner of the simplex

This is an important advantage, especially for very lar 19. [2(d)). Fi.g.@) and Fid. 2{t)) are more Qistir)ct over the
scale EO applications simplex, making the OOD samples easily distinguishable from

the in-domain ones. In Fig.] 3 a visualization of the training
Due to the large number of classes in remote sensing wifocess of the proposed approach is given. In[Rig. 5 an exam-
strong inter-class similarity, it is common in remote sensingle for a certain in-distribution prediction, for an uncertain in-
for in-domain samples to have high aleatoric uncertaintistribution prediction and for an out-of-distribution prediction
among multiple classes. In such cases, DPNs produce a ati@é presented together with different derived measures which

Dirichlet distribution [45]. This leads to representations whicban be used to separate between in-distribution and out-of-
are harder to distinguish from the OOD samples. In othgfstribution.
words, for remote sensing applications, DPN may confuse
between aleatoric uncertainty and distributional uncertainty. IV. EXPERIMENTAL VALIDATION
This limits the practical application of traditional DPNs [48] _ ) )

in remote sensing. Hence, to alleviate this problem, inpsiredIn Sectior[ V-4, we brie y present the data sets used in our

by [45], we propose DPN-RS that can effectively segreg periments. Experimental settings are discussed in Section
the OO’D samples from in-domain data. The rest of this Section presents the results and the

analyses for each of the experiment.

D. DPN-RS A. Data sets

We perform our experiments on three different data sets,
To overcome the challenges introduced in Sedtion ]II-C, omamely theAerial Image Data set (AID]52], the UC-Merced
approach aims at learning a sharp multi-modal distributidrand Use Data set (UCMEL], and theSo2Sat Local Climate
(0o << 1) (see Fig.[2(d)) instead of a at uni-modalZone 42 (LCZ42) Data s¢63]. In the following the data sets
distribution for OOD examples. The precision regularization &re brie y described. An overview over the classes contained
achieved by introducing a bounded regularization term givém the different data sets is given in F[d. 4.
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AID (600x600x3)

Airport Bareland Baseballeld Beach Bridge Center Church  Commercial Dense Res. Desert Farmland
", , 1 ~ el g
Forest Industrial Meadow Medium Res. Mountain Park Parking Lot Playground Pond Port  Railwaystation

Resort River Scool SparseRes.  Square - Stadium StorgeTanks Viaduct

UCM (256x256x3)
Agricultural  Airplane Baseballeld Beach Buildings  Chaparral DenseRes. Forest Freavay  Golfcourse  Harbor

Intersection Medium ResMobile Home Overpass Parking Lot River Runway  SparseRes. StorageTanks Tenniscourt

So02SatlL.Cz42 (32x32x10)

Compact Compact Compact Open Open Open Lightweight Large Sparsely Heavy Dense
high-rise mid-rise low-rise high-rise mid-rise low-rise low-rise low-rise built industry trees
Scattered Bush,scrub Low plants Barerock  Baresoil Water

trees or paved or sand

Fig. 4. The de ned classes and corresponding example patches of the UCM data set [51], the AID [52] and the So2Sat LCZ42 data set [53]. For LCZ42
only the three bands representing red, green and blue are visualized.

1) AID Data Set: The Aerial Image Data set (AID) datarepresented by 100 samples in the data set. Again, we split the
set [52] contains very high resolution aerial RGB images witlhata set randomly into 70% for training and 30% for testing.
600 600 pixels size. The data set covers 30 different classed] experiments are based on a ResNet50 neural network
each represented by more than 300 samples in the data gedtrained on Imagenet.

We split the data set randomly into 70% for training and 30%
for testing. Furthermore, the images are cropped and resi ) SOZ.S at L.Cz42 Data seﬂ"he SoZSat.LCZ42 datg set
] provides about half a million co-registered Sentinel-1

to 256 256 pixels. All experiments are based on a ResNet ) .
neural network pretrained on imagenet. anq Sent|ne_l-2 pajcches. For our experiments we only use the
optical Sentinel-2 images. TI82 32 patches are taken from
2) UC Merced Landcover Data setThe UC Merced 42 different regions worldwide and for each sample a Local
(UCM) data set [51] contains high resolutional aerial RGElimate Zone (LCZ) label is provided. The data is split into
images with one foot ground sampling distance 268 256 a training set of 352366 patches and a validation and test set
pixels size. The data set covers 21 different classes, eadmtaining 24188 and 24119 patches, respectively, sampled
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