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ABSTRACT

Causality is one of the most important topics in a Machine
Learning (ML) research, and it gives insights beyond the de-
pendency of data points. Causality is a very vital concept
also for investigating the dynamic surface of our living planet.
However, there are not many attempts for integrating a causal
model in Remote Sensing (RS) methodologies. Hence, in this
paper, we propose to use patch-based RS images and to rep-
resent each patch-based image by a single variable (e.g. en-
tropy). Then we use a Structural Equation Model (SEM) to
study their cause-effect relation. Moreover, the SEM is a sim-
ple causal model characterized by a Directed Acyclic Graph
(DAG). Its nodes are causal variables, and its edges repre-
sent causal relationships among causal variables if and only if
causal variables are dependent.

Index Terms— causality, machine learning, earth obser-
vation, remote sensing

1. INTRODUCTION

The probability distribution of data points in RS datasets can
be represented by a Bayesian graph network [1], [2]. The
Bayesian graph network is a graph network factorized accord-
ing to a Bayesian probability distribution, and its nodes repre-
sent data variables and its edges are interactions among these
data variables. Moreover, intervened data variables are ubiq-
uitous in RS data points due to the constant changes in Earth’s
surface, and this intervention leads to an intervened prob-
ability distribution. The intervened probability distribution
conveys causal relations (cause-effect relations) among the
RS data points. However, the Bayesian graph network does
not provide much information on the intervened data points.
Thus, some studies proposed a causal graph network for iden-
tifying and analysing causal relations of dependent data points
[3], [4]. A causal graph network is a directed acyclic graph for
data points: data points preside at its nodes, and its directed
edges characterize their causal relations. In this work, we fo-
cus on how to represent RS datasets on the nodes of a causal
graph network, and how to integrate a causal graph model in
RS methodologies. In addition, we assume that the causal
relation of a given RS dataset is known to avoid discovering
them [5], [6] which is an intractable problem for classical al-
gorithms given n nodes. Discovering a causal relation refers

Fig. 1. [Left] An DAG G, [Right] An intervened (truncated)
do(Xx = Xx′) DAG Ḡ.

to finding directed edges among the nodes.

2. CAUSAL DIRECTED ACYCLIC GRAPH

A causal graph network is a directed acyclic graph (DAG): A
directed graph G consists of vertices V ∈ {x, y, z1, z2, z3}
and edges E (see Fig. 1 [Left]). If all edges E are directed
(z1 → x, x → y, etc.) then the graph is called a directed
graph. A directed path from z1 to y is a path between z1
and y where all edges are pointing towards y: z1 → x → y
and z1 → z3 → y. A cycle is a path (z1, x, . . . , y) with
an additional edge between z1 and y, and a directed cycle is a
directed path (z1, x, . . . , y) from z1 to y with an edge y → z1.
Moreover, the DAG is a directed graph without the directed
cycle as illustrated in Fig. 1 [Left]. For simplicity, we name
a causal graph network by a causal DAG, while we refer a
Bayesian graph network by a DAG. The terminologies in a
causal DAG model are as follows [4]:

• We assign a random variable Xi to each vertex in V ∈
{x, y, z1, z2, z3} (Xx, Xy , etc.), and the edges E de-
note relationships between pairs of random variables.

• If z1 → x then z1 is a parent of x, and x is a child of
z1.

• If there is a directed path from z1 to y then z1 is an
ancestor of y, and y is a descendant of z1; each vertex
is also an ancestor and descendant itself.

• The sets of parents, children, ancestor, and descen-
dants of y in our graph G are denoted by pa(y,G),
ch(y,G), an(y,G), and desc(y,G).



If we consider a subset S ∈ {Xz1 , Xz3 , Xx, Xy} then we can
write the dependence model according to a first-order Marko-
vian model:

Xy ⊥⊥ Xz1 |{Xx, Xz3}, (1)

which implies that the future is independent of the past
given the present (see Fig. 1 [Left]). Moreover, a set of
variables Xpa(y) is said to be Markovian parents of Xy

if it is a minimal subset of {Xz1 , Xz3 , Xx, Xy} such that
p(Xy|Xz1 , Xz3 , Xx) = p(Xy|Xpa(y)). We can re-express
the equation (1) given a subset S1 = {Xy} ∈ S by

XS1
⊥⊥ Xnondesc(S1)\pa(S1)|Xpa(S1), (2)

where Xnondesc(S1)\pa(S1) = {Xz1 , Xz3 , Xx}\{Xz3 , Xx} =
{Xz1}, and Xpa(S1) = {Xx, Xz3}.

Furthermore, a DAG model, that is a Bayesian graph net-
work, is defined by a pair (G,P )

p(Xz1 , Xz3 , Xx, Xy) =

p(Xz1 |Xpa(z1))p(Xz3 |Xpa(z3))p(Xx|Xpa(x))p(Xy|Xpa(y)),

(3)

where p is factorized according to the DAG G, and p is a
density function, and in general, for any graph with a subset
S = Xv ,

p(S) = Πj∈vp(Xj |Xpa(j)). (4)

In our case, a subset Xv was {Xz1 , Xz3 , Xx, Xy}, namely,
the index v was {z1, z3, x, y}.

We now consider that G represents real-world measure-
ment data points, and its edges represent the causal relations.
If we intervene this DAG model (G, p) by setting Xx = Xx′

then we have

p(Xz1 , Xz3 , Xx, Xy|do(Xx = Xx′)) =

p(Xz1 |Xpa(z1))p(Xz3 |Xpa(z3))I(Xx = Xx′)p(Xy|Xpa(y)),

(5)

which we graphically illustrated in Fig. 1 [Right] [7]. More-
over, we intervened a data point Xx by setting it to the value
Xx′ . We must note that, here, Xx′ is a number while Xx takes
a random value. As a result, a DAG G becomes a truncated
graph Ḡ as illustrated in Fig. 1; the intervention is denoted by
the operator do(Xx = Xx′).

Hence, a causal DAG model (i.e. a causal Bayesian
model) for any graph can be expressed by

p(Xv|do(Xu = Xu′)) = Πj∈v\up(Xj |Xpa(j))I(Xu = Xu′),
(6)

where v notes a set of nodes, and u is a single node index or
an intervened data point.

Fig. 2. A number of causal DAGs given N data points.

3. OUR TOY DATA

Remote sensing datasets are obtained by sensors on satellites
and airbornes, and different benchmark datasets are currently
available [8], [9]. To investigate a causal DAG model for re-
mote sensing, we use three scene images, cloud, water, and
agriculture. We emphasize again that the causal structure of
scene images is known to avoid discovering causal relations
[6, 10, 11] since discovering a causal relation is a hard prob-
lem; for example, If we consider N = 5 data points with un-
known causal relations then there are 29, 281 possible causal
DAGs [12] (see Fig. 2).

Furthermore, we characterize each scene image by a
random variable Xi (i.e. entropy) shown in Fig. 3 [Top]
since scenes can change over time due to the external ef-
fects. Moreover, we consider the nodes z1 and z2 as unknown
confounders, and we assume that clouds are the source of
information instead of the source of issues [13]. Hence, we
study total causal effects on agriculture by intervening the
water value Xx and the cloud value Xz3 shown in Fig. 3
[Bottom], respectively. Namely, we obtain information on
agriculture when measuring that either there is a change
in water quantity, or there is cloud coverage over a certain
period of time.

4. METHODOLOGY: LINEAR STRUCTURAL
EQUATION MODEL

We represent a causal DAG by using a linear Structural Equa-
tion Model (a linear SEM) which refers to a linear model L
such that a node Xj is an effect of its parents with an additive
noise ϵj ,



Fig. 3. The considered causal DAG model for remote sensing:
[Top] The original DAG model G, [Bottom] The intervened
DAG models G′ when do(Xx = Xx′) and do(Xz3 = Xz′

3
),

respectively.

Xj = L(Xpa(j), ϵj). (7)

First remark: If we intervene do(Xj = Xj′) then we simply
replace L(Xpa(j), ϵj) by Xj′ , and a causal DAG becomes a
truncated causal DAG:

Xj = Xj′ . (8)

Second remark: The total causal effects of Xi on Xj can be
found by multiplying the weights of the directed edges Xi to
Xj in each path, and then summing up the multiplied weights
for each path.

5. LINEAR STRUCTURAL EQUATION MODEL FOR
OUR TOY DATASET

we express a linear SEM for our toy dataset by

Xz1 = ϵ1(0, 1),

Xz2 = ϵ2(0, 1),

Xz3 = 2Xz1 + 3Xz2 + ϵ3(0, 1),

Xx = 4Xz1 + 5Xz3 + ϵ4(0, 1),

Xy = 6Xx + 7Xz3 + 8Xz2 + ϵ5(0, 1),

(9)

where ϵk(0, 1), k = 1, 2, . . . , 5, is a Gaussian random vari-
able with µ = 0, σ = 1 (see Fig. 3 [Top]) [4], and we simu-
late our experiment by using n = 100 data points. First, we
intervene our water quantity by setting it to a constant value
zeros Xx′ = 0 and ones Xx′ = 1. We assume that there is no
change in water quantity do(Xx = 0) and a constant change
do(Xx = 1) over a given time frame (see Fig. 3 [Bottom]
left).

Xz1 = ϵ1(0, 1),

Xz2 = ϵ2(0, 1),

Xz3 = 2Xz1 + 3Xz2 + ϵ3(0, 1),

Xx = Xx′ = 0,

Xy = 0+ 7Xz3 + 8Xz2 + ϵ5(0, 1)

(10)

and

Xz1 = ϵ1(0, 1),

Xz2 = ϵ2(0, 1),

Xz3 = 2Xz1 + 3Xz2 + ϵ3(0, 1),

Xx = Xx′ = 1,

Xy = 1+ 7Xz3 + 8Xz2 + ϵ5(0, 1).

(11)

The total causal effect on agriculture is then by the interven-
tion do(Xx = Xx′):

E[Xy|Xx′ = 1]− E[Xy|Xx′ = 0] = 6 ̸= 0. (12)

Secondly, we intervene our cloud coverage to obtain causal
information on agriculture, and in particular, we set Xz3 = 0
If there is no cloud coverage over a certain period of time, and
we assign Xz3 = 1 if there is cloud coverage over a certain
period of time. Moreover, we compute a total causal effect on
agriculture and attempt to model agriculture independent of
cloud coverage. Hence, the SEM becomes

Xz1 = ϵ1(0, 1),

Xz2 = ϵ2(0, 1),

Xz3 = Xz′
3
= 0,

Xx = 4Xz1 + 50+ ϵ4(0, 1),

Xy = 6Xx + 70+ 8Xz2 + ϵ5(0, 1)

(13)

and

Xz1 = ϵ1(0, 1),

Xz2 = ϵ2(0, 1),

Xz3 = Xz′
3
= 1,

Xx = 4Xz1 + 51+ ϵ4(0, 1),

Xy = 6Xx + 71+ 8Xz2 + ϵ5(0, 1).

(14)



The total causal effect on agriculture is then by the interven-
tion do(Xz3 = Xz′

3
):

E[Xz3 |Xz′
3
= 1]− E[Xz3 |Xz′

3
= 0] = 37 ̸= 0. (15)

These total causal effects (12) and (15) are equal to zero if
there is no a cause-effect relation. Our total causal values are
not equal to zero in both of our intervention experiments pre-
sented in equations (12) and (15). The results of our interven-
tion experiments demonstrate that we can model and predict
agricultural lands by using information on water quantity and
cloud coverage when we know their causal structure. In par-
ticular, there is the advantage that we can obtain water quan-
tity data from the Sentinel-1 satellite and cloud coverage data
from the Sentinel-2 satellite.

In our causal model, the cloud coverage becomes a very
important information element. More importantly, we see that
the cloud coverage can explain strongly the agriculture land
change than the water quantity, and it is evidently proved by
Eqs. (12) and (15): A higher cause-effect relation (i.e. a
higher expected value) between the cloud coverage and the
agriculture land than the water quantity and the agriculture
land.

6. CONCLUSION

In this paper, we proposed to encode each patch of our toy
dataset in a random variable Xi of the SEM, and we in-
vestigated the SEM by intervening on water quantity and
cloud coverage when we know the causal structure of our
toy dataset. We discovered that the cause-effect relation (i.e.
expected value) between cloud coverage and the agriculture
land is higher than the water quantity and the agriculture
land. As an ongoing and future work, we integrate our causal
model in Deep Learning and Machine learning methods, and
we design an algorithm for discovering a causal relation of
data points with a unknown causal relation [14].
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