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Abstract. Neural networks are increasingly used in weather and climate science, not only for prediction tasks but also for

process understanding and scientific discovery, where model outputs must be linked to physically meaningful processes. Ex-

plainable artificial intelligence (XAI) helps establish this link by providing tools to interpret the information a neural network

uses to make its predictions. However, most approaches rely on spatially aggregated or composite analyses that do not reveal

the physical basis of individual predictions. Here, we present an object-oriented XAI framework that enables such prediction-5

level evaluation. We use this framework to analyse a simplified prediction task in which a neural network is trained to predict

the occurrence of daily heavy precipitation in Western Norway across multiple prediction lead-times, several days in advance.

In this study area, heavy precipitation is mainly associated with mid-latitude cyclones, providing a clear criterion: regions of

high relevance identified by XAI should correspond to detected cyclones in the input fields. We find that most predictions are

indeed associated with cyclones and that relevance patterns match key physical features such as the low-pressure centre and10

the zone of maximum winds. Furthermore, we show that predictions are based primarily on strong cyclones that travel along

the North Atlantic storm track. This study provides a controlled benchmark that demonstrates that neural network predictions

of heavy rainfall can align with established physical understanding. More generally, it illustrates how an object-oriented XAI

framework can be used to assess physical realism at the level of individual predictions, representing an important step toward

building the trust necessary to use these models for research and decision-making applications in weather and climate.15

1 Introduction

Neural networks are becoming widely used for climate and weather prediction tasks (de Burgh-Day and Leeuwenburg, 2023).

In recent years, they have reached predictive skill that, in some cases, matches or even surpasses traditional numerical weather

prediction models (e.g. Kent et al., 2025) and seasonal forecasting models (Unal et al., 2023). Beyond prediction, neural20

networks are increasingly used for scientific interpretation, through Explainable Artificial Intelligence (XAI), which provides

tools to analyse how neural networks make their predictions (Holzinger et al., 2022; Roscher et al., 2020; Toms et al., 2020;

Yang et al., 2024). XAI has notably been used to identify the physical drivers of weather events (e.g. Alessi et al., 2025;

1

https://doi.org/10.5194/egusphere-2026-3362
Preprint. Discussion started: 29 June 2026
c© Author(s) 2026. CC BY 4.0 License.



Beobide-Arsuaga et al., 2023) and reveal mechanisms underlying climate change signals (Davenport and Diffenbaugh, 2021;

Rugenstein et al., 2025; Toms et al., 2020).25

However, using neural networks for scientific understanding implicitly assumes that they learn physically meaningful rela-

tionships, which is not guaranteed by predictive skill alone. Since neural networks are trained by minimising a mathematical

loss function, they may achieve high skill by exploiting spurious correlations or features that are not causally related to the

underlying physical processes. Evaluating the physical consistency of neural network predictions is therefore essential for

developing trustworthy AI in climate and weather sciences, both for prediction and for scientific discovery.30

XAI methods are increasingly being used to evaluate whether neural network predictions rely on physically meaningful

information (Bommer et al., 2024; Mamalakis et al., 2022b; Yang et al., 2024). One widely used approach is Layer-wise

Relevance Propagation (LRP Bach et al., 2015; Montavon et al., 2019), which produces relevance maps that highlight the

input regions that contribute most strongly to a given prediction (Byrne and O’Gorman, 2013; Davenport and Diffenbaugh,

2021; Mayer and Barnes, 2021; Pegion et al., 2022; Wang et al., 2024). In climate science applications, these maps have35

been interpreted physically by comparing regions of high relevance with known physical patterns. For example, Davenport

and Diffenbaugh (2021) analysed relevance maps from a neural network trained to classify extreme US precipitation events,

assessing whether regions of high relevance are collocated with large-scale atmospheric waves. Similarly, Toms et al. (2020)

evaluated the physical consistency of neural network predictions of ENSO indices by verifying that they rely on characteristic

sea surface temperature patterns in the tropical Pacific. Such assessments demonstrate that neural networks can, on average,40

extract information from plausible geographical regions. However, they do not establish whether individual predictions are

based on the appropriate physical processes or dynamical objects.

Building upon the Toms et al. (2020) benchmark, we propose an object-oriented XAI framework to assess whether neural

network predictions align with physical understanding at the level of individual events. Instead of evaluating relevance across

broad geographic regions, we link each prediction to tracked physical features in the input fields, enabling object-level interpre-45

tation. We apply this framework to a simplified prediction task where the relevant dynamical drivers are well understood: daily

heavy precipitation in Western Norway. These events are predominantly caused by processes associated with North Atlantic

cyclones. However, unlike ENSO, which exhibits a quasi-stationary spatial structure, cyclones are mobile and transient weather

systems. We quantitatively assess whether cyclones in the appropriate location and with the appropriate intensity contribute to

the neural network predictions. To evaluate temporal consistency, we evaluate predictions across multiple lead times, allow-50

ing us to assess whether they follow individual cyclone trajectories. Overall, demonstrating that neural network predictions

are systematically based on relevant cyclones provides an interpretable test of physical grounding and stronger evidence that

neural networks can align with physical understanding.

In section 2, we present our prediction task, the data used, and our neural network architecture and training procedure.

Section 3 introduces the object-oriented XAI framework, and Section 4 presents the assessment of the physical consistency of55

the neural network heavy rainfall predictions. Finally, section 5 provides a discussion and conclusions of the current work.
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2 Methods

2.1 Physical benchmark design

2.1.1 Physical motivation for using heavy precipitation in Western Norway as a case study

The occurrence of daily heavy precipitation in Western Norway, defined as accumulated daily precipitation exceeding the60

annual 95th percentile, is a well-understood phenomenon. Most events are associated with mid-latitude cyclones, mainly

originating in the North Atlantic, and related processes such as fronts and atmospheric rivers (Azad and Sorteberg, 2017;

Benedict et al., 2019; Konstali et al., 2024; Ødemark et al., 2023; Michel et al., 2021). Cyclones travel eastward in the Atlantic

storm track, and upon reaching the Norwegian coast, the moist air they transport collides with the Scandinavian mountains,

leading to orographic lifting and heavy precipitation.65

This physical case provides an ideal benchmark for testing whether a neural network can associate heavy precipitation

events with the correct large-scale dynamical features, i.e., North Atlantic cyclones. The task is conceptually simple, as a

single dominant feature is implicated in the majority of events. In addition, these events are associated with the large-scale

flow, which is often predictable at several days’ lead time: the majority of these cyclones form upstream, for example, off

the coast of North America or at the southern tip of Greenland, days before reaching Norway. This case, therefore, allows70

us to evaluate whether a neural network can identify cyclone trajectories and provide physically consistent predictions across

different time horizons.

2.1.2 Prediction task and target definition

We design a classification task to predict the occurrence of daily heavy precipitation in Western Norway from dynamical

fields. This is a binary classification task where the target value is 1 for heavy precipitation events and 0 for all other days75

(including non-heavy precipitation and dry days). To assess whether the predictions align with physical understanding of mid-

latitude cyclone trajectories on medium-range forecasting timescales, we predict the occurrence of heavy precipitation up to

seven days in advance. In other words, each input sample of dynamical fields on day D0 is used to make a prediction for

the 7 subsequent days: day D0, D0+1, D0+2, . . . until D0+6. The output of the neural network is therefore an array of seven

probabilities of heavy precipitation occurrence PH :80

(PH(D0),PH(D0 +1),PH(D0 +2), . . .PH(D0 +6)) (1)

2.2 Data

For consistency between the dynamical fields and the heavy precipitation events, we use the European Centre for Medium-

Range Weather Forecasts’ reanalysis product ERA5 (Hersbach et al., 2020) for both predictors (input dynamical fields) and

prediction targets (precipitation). Limiting the analysis to the satellite era (1979-2024) yields around 12,000 daily samples,85

which is then split into training (1979-2008), validation (2009-2016) and testing (2017-2024) datasets.
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Figure 1. Example input features (August 5th 2016) used for prediction. These fields are anomalies based on local and temporal means and

a global standard deviation for each variable. The x and y tick labels indicate the pixel count on each side. a. U-wind at 850 hPa, b. V-wind at

850 hPa, c. Mean sea level pressure. The inset axis in a. shows the location of the Western Norway region used to define the target rain field

(in pink).

2.2.1 Dynamical predictor fields

The choice of input variables must include information about the physical process being tested. We select variables that are a

priori relevant for mid-latitude circulation: the wind field at 850 hPa (zonal U850 and meridional V850 components), and mean

sea level pressure (SLP). Geopotential height at 500 hPa (Z500) was tested as an alternative to SLP and yielded results similar90

to those of SLP. SLP was favoured as it is used in the cyclone tracking scheme used in this study, as described in section 2.2.3

(Murray and Simmonds, 1991a, b). Studies focused on other aspects of heavy precipitation might wish to choose different pre-

dictor variables, for example, column-integrated water vapour or vapour transport for atmospheric rivers, or available potential

energy for convection-dominated regions.

To reduce high-latitude distortion, preserve local structure, and maintain approximate isotropy of cyclone geometry across95

different locations, we regrid the input fields onto a conformal polar projection. Specifically, input fields are regridded to a

polar stereographic grid with central longitude of 0◦E and a true scale latitude of 70◦N, which is a projection commonly used

for Arctic machine learning applications (e.g. Ali and Wang, 2022), using a bilinear interpolation. The new grid consists of

128×128 pixels with a grid size of 117 km (Fig. 1). The cell size was chosen to be spatially relevant to the scale of cyclones

(∼1000 km) and to improve computational efficiency.100

Each input field is converted into anomalies by removing the temporal mean from each grid cell, then dividing by the global

standard deviation. The global standard deviation was favoured over a local standard deviation to prevent diluting the signal in

regions with high variance, which are important for the current task, such as the North Atlantic storm track. To prevent data

leakage (inadvertently allowing information from the validation or test period to influence the training process), the mean and

standard deviation are computed only from the training period (1979-2008) and are used to compute anomalies for the training,105

validation, and test datasets.
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2.2.2 Heavy precipitation predictand

The neural network is trained to predict the occurrence of daily heavy precipitation events in Western Norway as captured in

ERA5 (see the pink area in Fig. 1.a inset axis). We start by computing a time series of area-weighted mean daily precipitation

over the region of interest comprising Vestland, Rogaland and Møre og Romsdal counties. The domain is derived from a110

definition of European precipitation regions based on high spatial correlation in daily precipitation (Oldham-Dorrington et al.,

2025). Heavy precipitation events are defined as days when the accumulated daily precipitation exceeds the 95th percentile of

all days, which, for this region in ERA5, is 23.2 mm. The threshold is fixed for all seasons. The choice of the 95th percentile is

a trade-off where most of the events can be associated with cyclones, but the events themselves are not too rare such that there

are still enough examples in the ERA5 dataset for the neural network to learn from.115

While ERA5 generally underestimates heavy precipitation intensities, particularly in regions with complex topography

(Lavers et al., 2022), it provides a precipitation product that is dynamically consistent with the large-scale fields used as

input fields. In addition, we are primarily interested in the occurrence of heavy precipitation events rather than their intensity,

which reduces the limitations associated with using ERA5.

2.2.3 Cyclone tracking dataset120

The neural network’s predictions are assessed against a cyclone-tracks dataset, also derived from ERA5 reanalysis data (Spens-

berger and Marcheggiani, 2024). Cyclones are tracked using the Melbourne algorithm (Murray and Simmonds, 1991a, b),

which detects maxima in the Laplacian of SLP, that is, local minima in SLP, and is widely used in studies on extratropical cy-

clones (e.g. Feser et al., 2015; Reid et al., 2025; Marcheggiani et al., 2025; Tao et al., 2025; Madonna et al., 2020). The dataset

includes the positions, minimum sea-level pressures, and other characteristics of the tracked cyclones. This dataset consists of125

around 80,000 low-pressure systems, or 17 per day on average over our study period (1979-2024) and spatial domain (Fig. 1).

While several other mid-latitude cyclones tracking schemes exist (see Walker et al., 2020; Neu et al., 2013), the limited level of

detail required in our analysis (mainly cyclone position and strength) is not expected to depend strongly on the exact scheme

used (Rudeva et al., 2014).

2.3 Convolutional Neural Network130

2.3.1 Network architecture

For our task, we design a relatively simple convolutional neural network (CNN) following a LeNet-style architecture (LeCun

et al., 2002). CNNs are particularly suited to atmospheric data as they are designed to extract spatial features from input fields.

This type of architecture is relatively easy to train and interpret, and is therefore widely used in climate and weather XAI

applications (e.g. Davenport and Diffenbaugh, 2021; Wang et al., 2024; Rugenstein et al., 2025; Alessi et al., 2025). While135

CNNs may not perform as well as more recent architectures such as Vision Transformers, Swin Transformers, or Fourier

Neural Operators (e.g. Dosovitskiy et al., 2020; Liu et al., 2021; Kurth et al., 2023; Meo et al., 2024; Li et al., 2021), they
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are well-suited to our objective, which is not to maximise predictive performance but to develop a benchmark for assessing

whether neural network predictions align with the physical understanding of the underlying processes.

The full neural network architecture used in this study is shown in Fig. 2, where information flows from the left (input140

features) to the right (final predictions). Our network consists of a convolutional encoder that extracts spatial features, followed

by a prediction head with simple, fully connected layers that combine these features to make the final prediction. The shape

of the data at different stages is shown as orange parallelepipeds in the convolutional encoder (left-hand side in Fig. 2), and

as orange dots in the prediction head (right-hand side). In our convolutional encoder, input data go through four sequential

convolutional blocks, each of which comprises a series of operations to reduce the size of the input image. Each convolution145

block (shown by banded grey rectangles) starts with a 3×3 convolution, which learns local spatial structure in the data. The

convolution is followed by a Rectified Linear Unit (ReLU) activation layer that introduces non-linearity, then a 2×2 max-

pooling layer that retains the most prominent features and downsamples the input image. Finally, a 2D batch normalisation

is applied to stabilise training. Additionally, dropout with a probability of 0.3 is applied to the last two convolutional blocks

during training, before batch normalisation, to reduce overfitting. Earlier convolutional blocks capture simple local structures150

such as gradients and edges, and later blocks combine them into more complex features, allowing the neural network to

represent increasingly complex and large-scale spatial features. The number of filters used in each convolution layer determines

how many distinct patterns the neural network can represent. The four convolutional layers have 16, 32, 64, and 128 filters,

respectively. The features extracted by the convolutional encoder are flattened and passed to a prediction head consisting of

a single hidden fully connected layer with 128 neurons, followed by ReLU activation, and an output layer with 7 neurons.155

Dropout with a probability of 0.4 is applied to the first linear layer during training. The optimal hyperparameters for the

number of convolution blocks, the number of convolutional filters per convolutional layer, dropout probabilities, batch size and

learning rate were determined using a Bayesian hyperparameter optimisation (Wu et al., 2019).

2.3.2 Training strategy and performance evaluation

The data are split chronologically into training (1979-2008, 30 years), validation (2009-2016, 8 years) and testing (2017-2024,160

8 years) periods. Training data were used to train the neural network, and validation data were used to tune its hyperparameters.

The test data were used only to report the final neural network skill after freezing the architecture, weights, and biases. We used

a learning rate of 1.5·10−4 and a batch size of 512. To account for class imbalance (heavy precipitation is rare by construction),

we use a binary cross-entropy loss, with the positive class (heavy precipitation events) assigned a weight of 19, approximately

equal to its inverse frequency in the training set.165

The classification task becomes ambiguous near the threshold, where small differences in input values can lead to different

class assignments. To address this, we apply label-smoothing regularisation (Szegedy et al., 2016). Instead of purely binary tar-

gets, only values below the 75th percentile are assigned 0 and values between the 75th and 95th percentile transition smoothly

from 0 to 1 following a sigmoid function. This reduces the penalty for errors near the threshold, slightly improving performance

and helping stabilise training. Similar improvements in training are expected with lower thresholds of the 70th, 80th, and 90th170

percentiles.
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Figure 2. Architecture of the neural network in which information flows from left (input fields) to right (final prediction of seven probabilities)

through the different layers. The 3D orange parallelepipeds show the shape of the dataset at different stages of the encoder, starting from

the input with 3 channels (U850, V850 and SLP) times 128 x-values times 128 y-values. The shapes are also written at the bottom of the

parallelepipeds. The convolutional blocks are represented by 4 or 5 vertical bars, with labels indicating the processing at each step. The fully

connected layers of the prediction head are shown on the right-hand side, with neurons represented as red circles and grey lines representing

individual connections.

We assess the performance of the neural network with precision-recall metrics. These provide a more informative evaluation

of predictive skill for highly imbalanced datasets than other classification metrics, such as the receiver operating characteristic

curve (ROC). The Precision-Recall Area Under Curve (PR-AUC) metric (Saito and Rehmsmeier, 2015), which has been used

in other heavy precipitation prediction studies (Antoniadou et al., 2023), ranges from 0 to 1, where 1 corresponds to a perfect175

classification. To evaluate predictive skill, we compare the neural network’s PR-AUC against two reference predictors, and

consider the model skilful if its PR-AUC exceeds the reference PR-AUC values. The first reference predictor is the climatology,

which assigns a constant probability equal to the event frequency. For an event occurring 5 per cent of the time (95th percentile),

the PR-AUC is 0.05. The second reference predictor is persistence, which predicts that a heavy precipitation event will occur

at future lead times if it occurs on the initial day D0. Note that persistence-based predictions are not defined at D0 itself, but180

yield a PR-AUC of slightly above 0.1 at 1-day lead time, and around 0.06 at longer lead times (Fig. 3).

For same-day predictions, the neural network achieves a PR-AUC of 0.60, which is approximately 12 times higher than

climatology. Performance decreases with lead time, dropping to 0.15 at D0-3, and 0.11 at D0-6. Despite this decrease, our

trained neural network exhibits predictive skill across all lead times (Fig. 3) by consistently outperforming both references

(climatology and persistence). Antoniadou et al. (2023) found a best PR-AUC of 0.42 for a similar task, using a neural network185

to predict the occurrence of same-day heavy precipitation in Denmark from large-scale atmospheric fields (ERA5). While

their target events are slightly rarer than ours (13 days per year in their study and 18 days per year in our dataset), the results
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Figure 3. Area Under the Precision-Recall Curve (PR-AUC) computed for our neural network predictions at different lead times (green

circles), compared with PR-AUC computed from two reference predictors: persistence-based predictions (blue squares), and climatological

predictions (black line).

are broadly comparable. Overall, the assessment of the neural network performance indicates that it is sufficiently skilled to

support an investigation of whether its predictions are based on physically relevant features of the input fields.

3 Object-based explainable AI framework190

We design an evaluation framework to assess whether our neural network has learned to identify, track and focus on physically

relevant weather features when predicting the occurrence of heavy precipitation. To do this, we first use XAI methods to

identify which pixels of the gridded input variables contribute to the predicted probability of a heavy precipitation event.

We then compare areas of high contribution with North Atlantic cyclone tracks. While it would be interesting to study all

predictions, we focus on assessing only the positive cases, i.e., instances when heavy precipitation occurs.195

Across the full dataset, including the training, validation and test periods (1979 -2024), there is a total of 840 heavy pre-

cipitation events. Our XAI analysis is conducted for all these heavy precipitation events, regardless of the neural network’s

predicted probability. While predictions are classified as positive only when the probability exceeds a given threshold, relevant

cyclones can still contribute to predicted probabilities even when these probabilities remain below the threshold. This could

indicate that the neural network detects physically meaningful features but may be insufficiently sensitive to them. The 840200

events are predicted by the neural network at seven different lead times, resulting in a total of 5880 predictions analysed and
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compared with cyclone tracks. The neural network produces predictions for future days (D0, D0 +1, . . . ), but we reorganise

the data to focus on how the same event is predicted at different lead times. Thus, for each heavy precipitation event occurring

on day D0, we analyse predictions made on day D0, D0 − 1, D0 − 2, . . . back to D0 − 6.

3.1 Relevance maps computation with Layer-wise Relevance Propagation205

To interpret the neural network predictions, we compute relevance maps using Layer-wise Relevance Propagation (LRP, Bach

et al., 2015) for each of the 5880 predictions (840 heavy-precipitation events × 7 lead times). Relevance values quantify the

contribution of each input pixel to the final prediction: positive relevance indicates pixels that support the predicted probability

of heavy-precipitation occurrence, whereas negative relevance indicates pixels that oppose it. These maps, therefore, indicate

where the neural network focuses geographically, which variables it relies on, and how strongly this information influences the210

predictions.

LRP is one of several XAI techniques commonly used in climate and weather applications. These broadly include backwards-

propagation methods, such as LRP and Grad-CAM (Selvaraju et al., 2020), as well as methods based on neural networks’

gradients, such as Integrated Gradients (Sundararajan et al., 2017). Although these methods can yield quantitatively different

results, previous studies find that large-scale attribution patterns are qualitatively stable (Bommer et al., 2024; Mamalakis et al.,215

2022a). Here, Integrated Gradients and LRP produce similar spatial structures. However, those from Integrated Gradients are

substantially noisier due to gradient-shattering effects in deep neural network architectures (Montavon et al., 2019), while those

from LRP are more coherent, allowing for easier physical interpretation. LRP has been used to interpret other heavy precipita-

tion classification studies (e.g. Davenport and Diffenbaugh, 2021; Wang et al., 2024). For these reasons, we adopt LRP as our

main XAI method.220

LRP works by propagating the prediction backwards through the neural network. At each layer, the prediction score is

redistributed to neurons in previous layers according to the neural network weights, thereby quantifying the contribution of in-

dividual neurons to the prediction. This process is repeated layer by layer until the input layer is reached, producing a relevance

field R(variable,x,y) with the same dimensions as the input data (see Montavon et al., 2019, for a detailed explanation).

At each back-propagation step, different rules can be applied to constrain the redistribution of information to the previous225

layer. Following general guidelines to obtain stable and meaningful relevance patterns (Mamalakis et al., 2022a; Montavon

et al., 2019), we use a composite LRP rule with:

– α1β0 rule for convolutional layers (as used in Davenport and Diffenbaugh, 2021). In αxβy rules, positive relevance

values are multiplied by x and negative values are multiplied by y before being propagated to the previous layers.

Therefore, the α1β0 rule only propagates positive relevance values back. Such a rule helps produce more coherent and230

smoother relevance patterns.

– ϵ rule for fully connected layers. In this rule, a small constant ϵ is added to the sum of relevance at a given layer before

being propagated back. This prevents the amplification of small signals that could happen when dividing by near-zero

relevance. Contrary to α1β0, this rule allows for negative relevance.
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To facilitate comparison of relevance across predictions, we normalise the relevance for a given prediction by the sum of all235

positive relevance values across all input variables and pixels:

Rnorm(variable,x,y) =
R(variable,x,y)∑

variable,x,ymax(0,R(variable,x,y))
(2)

This normalisation ensures that the total positive relevance sums to one, allowing the relevance at each pixel to be interpreted

as a relative contribution to the prediction. Unlike max-normalisation (used in Toms et al., 2020), our sum-normalisation is

less sensitive to outlier pixels dominating the scaling and hiding broader structure in relevance maps. From here onwards, all240

analyses use these normalised relevance values, which will be referred to as relevance. Figure 4 shows examples of relevance

maps for predictions of one heavy precipitation event at different lead times.

3.2 Detection of relevance patches and association with cyclones

Once relevance maps are computed for all predictions, we quantify to what extent positive relevance pixels are spatially

clustered around specific cyclones, as seen in Fig. 4. Our method is presented with an example in Fig. 5. We start by defining a245

relevance patch as a contiguous area of high positive relevance within which every pixel must account for a relevance greater

than 0.1% (Fig 5.a. to b.). For comparison, if relevance were uniformly distributed over all pixels, each pixel would have a

relevance of 0.006% (= 100%/(128× 128pixels)), which is 16× smaller than the threshold chosen. Most relevant patches

exhibit maximum values well above this threshold, making the results mostly insensitive to the exact choice of threshold.

Positions of cyclone centres on the day of the prediction are overlaid with the relevance patches (Fig 5.b), and a given patch is250

associated with a cyclone if any pixel of the patch is within 500 km of the centre (Fig 5.b. to c.).

If a large patch spans multiple cyclones, we first split the patch into individual patches by applying watershed segmentation

to the distance-transformed masked relevance field, then assign cyclones to the resulting sub-patches. If several cyclones are

still associated with the same sub-patch, we select the cyclone for which a circle of 500 km radius around its centre has the

most overlap with the sub-patch. Finally, if multiple sub-patches are associated with the same cyclone, then they are combined255

into a single relevance patch. We then compute the total relevance per patch, i.e., the sum of the relevance over all variables

and pixels within the patch. Patches with a total relevance of less than 10% are discarded. Overall, each prediction is either

associated with the cyclone corresponding to the strongest patch, or not associated with any cyclone if there is no coherent

relevant patch or if none of the coherent patches is close enough to a cyclone.

4 Assessing the physical consistency of predictions260

Based on the association of cyclones with our neural network’s predictions in Section 3.2, we now assess whether the predic-

tions of our neural network align with physical understanding. Specifically, we first show that most predictions are based on

cyclones, regardless of their location or intensity. We then test whether the associated cyclones have reasonable intensities and

occur in appropriate locations across successive lead times.
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Figure 4. Example of relevance maps summed over all input variables. These four maps show the relevance for the prediction of a heavy

precipitation event occurring on August, 14th 2005 at six (a), five (b), four (c) and three (d) days’ lead time. The title of each subplot shows

the predicted probability of heavy precipitation. The trajectory of one specific cyclone is shown (dashed line), along with the position of its

centre and its minimum sea level pressure value at every prediction lead time. This highlights that high relevance is concentrated around the

cyclone trajectory.
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(a)   Relevance map
of a prediction

(b)   Relevance patches
+ cyclones

(c)   Cyclone association

Cyclone associated
with the prediction

Figure 5. Example of the method to associate a cyclone with a prediction, highlighting the different steps of our analysis. a. Relevance map

summed over the three input variables. This example shows the relevance for the prediction of an event occurring on August, 14th 2005

with a 5-day lead time (corresponding to Fig. 5.b). b. Segmentation of the relevance map into contiguous relevance patches. In this example,

one main patch is found, but other smaller patches exist. Relevance patches are overlaid with all cyclones in the Melbourne cyclone tracking

dataset occurring on the date of prediction. The dark dots highlight the centres and the grey circles a 500 km radius around the cyclone

centres. The main relevance patch is collocated with a cyclone. c. Map showing the cyclone associated with the prediction (centre and 500

km radius in red).

4.1 Are the neural network predictions based on cyclones?265

We evaluate whether cyclones contribute to the neural network’s predictions by testing whether high-relevance patches are

systematically collocated with cyclones and whether these patches correspond to known structural characteristics of cyclones.

We start by quantifying the fraction of predictions that is associated with cyclones (Fig. 6, orange line). A higher fraction

indicates that more relevance patches are collocated with cyclones. We find that, for same-day predictions (D0), 93% of pre-

dictions are associated with a cyclone. This fraction decreases with increasing lead-time and stabilises at 30-35% by D0-4. The270

decline is expected, given that many cyclones associated with heavy precipitation form only a few days before the event and

are therefore not present at earlier lead times. Furthermore, if the neural network is temporally consistent, relevance patches at

increasing lead times should correspond to the same cyclone as it propagates along its track. To test this, we track the cyclones

associated with D0 predictions backwards in time, and find that the decrease in the number of associated cyclones is broadly

consistent with this physical constraint: the neural network generally does not assign relevance to cyclones that have not yet275

formed (Fig. 6, black line).

However, the number of predictions associated with cyclones remains slightly higher than expected from this constraint

alone. One possible explanation is that the neural network may assign relevance to cyclones that are dynamically related to the
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Figure 6. Number of predictions associated with cyclones at different lead times (orange line with dots). The cyclone association rate at each

lead time is shown above the dot, and the total number of predictions is shown by the dashed grey line (840 occurrences of heavy precipitation

events in the full dataset, including training, testing and validation). For example, at a 2-day lead time, 72% of the 840 predictions were

associated with a cyclone. The black line with triangles shows the number of cyclones associated with D0 predictions that existed at a given

lead time. This gives an expected number of predictions that should be associated with cyclones if the neural network were consistently using

the same cyclones across prediction lead times.

event-producing cyclone, even if the tracking algorithm labels them as separate systems or /if the exact precipitation outcome

depends on subsequent atmospheric evolution.280

While our primary focus is to provide physical interpretability of the predictions, these results also inform us on the reduction

in predictive skill at longer lead times. With increasing lead-time, fewer relevant cyclones are present, leaving the neural

network with less information to establish strong statistical links to heavy precipitation. Under these conditions, the neural

network must rely on dynamical precursors to cyclogenesis and cyclone development. These precursors are more diverse and

less spatially coherent than mature cyclones, making them harder for the neural network to learn consistently.285

Thus far, a cyclone associated with a prediction is one that is collocated with a strong relevance patch. To assess whether

this association reflects more than simple spatial collocation, we construct cyclone-centred composites of relevance for the

associated cyclones. This allows us to examine whether areas of high relevance correspond to known structural features of

cyclones, such as the location of strongest winds or the sea-level pressure minimum. Composites of wind speed and SLP are

plotted along with the corresponding relevance maps in Fig. 7, all rotated according to the direction of propagation of individual290

cyclones (following Catto et al., 2010; McErlich et al., 2023; Yu et al., 2026). Cyclone-centred composites of relevance indicate

that predictions are based on features of the input variables that are physically interpretable in terms of cyclone structure (Fig.
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Figure 7. (a-b) Cyclone-centred composites of relevance for all predictions associated with a cyclone for 850 hPa wind (U850 + V850, a),

and sea level pressure (SLP, b). (c-d) Corresponding cyclone-centred composites of input fields of wind speed (
√

U8502 +V8502, c) and

sea level pressure (d). All composites are centred on the cyclone’s centre (small circle in the middle) and rotated such that the direction of

propagation (black arrow) is aligned with the positive x-axis. The concentric circles show the distance to cyclone centres every 500 km.

7). For SLP (Fig. 7.a), the composite relevance peaks at the cyclone centre where the SLP minimum occurs, and relevance

decreases sharply away from the centre on length scales matching the typical horizontal extent of mid-latitude cyclones. This

is consistent with the SLP field composite (Fig. 7.c). For wind, relevant pixels are concentrated on the outer edge of the cyclone,295

around 500 km from the centre and predominantly in the forward-right quadrant relative to the direction of motion (Fig. 7.b).

This is consistent with where winds are often strongest due to the presence of a fast-moving cold front (Fig. 7.d). These results

highlight that regions of high relevance are not merely collocated with cyclones but are also associated with their dynamical

characteristics.
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4.2 Which cyclones contribute to the neural network predictions?300

Showing that cyclones contribute to the neural network predictions is a first step towards establishing physical consistency, but

we still need to assess whether the predictions are based on the appropriate cyclones. We do this by studying the intensity and

location of the associated cyclones.

We first assess whether predictions are based on stronger cyclones, which are more likely to generate heavy precipitation

in Western Norway. We evaluate the distribution of the minimum sea level pressure (SLP) of cyclones associated with neural305

network predictions compared to the distribution of minimum SLP of all low-pressure systems in the cyclone tracks dataset

(Fig. 8.a), as well as the extent to which intense cyclones are associated with predictions (Fig. 8.a). We find that predictions are

systematically based on systems with lower central SLP (i.e., stronger cyclones) – those with a median of 969 hPa and a 5-95th

percentile range of 945-991 hPa, compared with a median of 997 hPa and range of 966-1015 hPa for all tracked cyclones.

Additionally, more intense cyclones have a higher probability of being associated with a prediction (Fig. 8.b). For example,310

moderately strong cyclones with a minimum SLP of 960 to 970 hPa are associated with predictions about 18% of the time they

exist in the input fields, while strong cyclones deeper than 940 hPa are associated with predictions more than 50% of the time.

This intensity dependence is physically plausible and reassuring, but does not provide the full picture. The neural network may

partially rely on cyclone strength as a proxy for heavy precipitation potential, but cyclone trajectory also matters for whether a

system will produce heavy rainfall in Western Norway.315

To examine the role of cyclone location, we next analyse the geographical locations of cyclones associated with predictions

at different lead times. We divide our domain into geographical sectors (Fig. 9.a), including three relevant domains along

the North Atlantic storm track (West Atlantic, East Atlantic and Europe), the Tropics (which includes the tropical Atlantic,

North Africa and the Mediterranean), the Pacific, and Asia. Each cyclone associated with a prediction is assigned to one of

these domains, and we count how many cyclones are in each domain at each lead time (red lines in Fig. 9). We find that320

cyclones contributing to the neural network predictions are mainly found in the three North Atlantic sectors. At D0, most of the

associated cyclones are in the European sector, primarily just offshore of Norway (∼650, Fig. 9.a exact location not shown),

with a smaller number in the East Atlantic sector, close to Iceland (∼150 Fig. 9.b). At D0-1 and D0-2, the associated cyclones

are mainly in the North Atlantic, with up to 55% of predictions (∼450 cases) based on a cyclone in the East Atlantic (Fig. 9.b),

while the number of predictions associated with cyclones in the European sector is smaller, with 30% of all predictions at D0-1325

(∼ 250 cases) and 6% at D0-2 (∼ 50 cases, Fig. 9.a). By D0-3, the East Atlantic and Europe remain the main contributors,

but with fewer cyclones than at shorter lead times. The West Atlantic’s contribution peaks at this lead time, with just under

half the number of cyclones as in the East Atlantic (Fig. 9.c). Beyond D0-3, the predictions are roughly evenly split between

European and East Atlantic cyclones (around 100 each, or 10% of predictions), with some contribution from West Atlantic

cyclones (around 50, or 5%). Contributions from the three other sectors (Asia, Pacific and Tropics) are negligible (Fig. 9.d-f),330

as expected, because these regions are mostly disconnected dynamically from heavy precipitation in Western Norway, except

for rare cases of tropical to extratropical cyclone transitions. These results highlight that the locations of cyclones associated

15

https://doi.org/10.5194/egusphere-2026-3362
Preprint. Discussion started: 29 June 2026
c© Author(s) 2026. CC BY 4.0 License.



920 940 960 980 1000 1020 1040
Minimum sea level pressure (hPa)

(a) Sea level pressure distribution
Cyclones associated
with predictions
All cyclones

920 940 960 980 1000 1020 1040
Minimum sea level pressure (hPa)

0

20

40

60

80

100
(b)

91%

66%
59%

45%

27%
15%

7% 2% 1% 0% 0% 0%

Probability of cyclone being associated
with predictions when in input data

Figure 8. a. Histogram of the minimum sea level pressure of all cyclones in the Melbourne tracking dataset (grey) and of the subset of

cyclones associated with predictions of the neural network (orange). b. The probability that a cyclone seen by the neural network is associated

with a prediction of a heavy precipitation event, depending on its minimum sea level pressure. Probabilities are computed in bins of 10 hPa.

with predictions shift upstream as lead time increases, consistent with the expected evolution of weather systems along the

North Atlantic storm track.

We further test whether the spatial distribution of cyclones associated with predictions at different lead times is consistent335

with trajectories from the cyclone tracks dataset. To do so, we follow the cyclones identified at zero lead (D0) backwards

in time and record the geographical regions they occupied at earlier lead times (black lines in Fig. 9). Our results show that

cyclones associated with predictions at longer lead-times (orange lines in Fig. 9) largely correspond to the earlier positions of

cyclones associated with D0 predictions (black lines in Fig. 9). This indicates that the predictions are aligned with the expected

trajectories of mid-latitude cyclones along the North Atlantic storm track.340

16

https://doi.org/10.5194/egusphere-2026-3362
Preprint. Discussion started: 29 June 2026
c© Author(s) 2026. CC BY 4.0 License.



0

200

400

600

800

# 
of

 c
yc

lo
ne

s

Europe(a)

Tropics

Asia

Pacific

Eur.E.
Atl. 

West
Atl.

East Atlantic(b)
Cyclones associated
with predictions
Positions of D0 cyclones

West Atlantic(c)

D 0
6

D 0
5

D 0
4

D 0
3

D 0
2

D 0
1 D 0

timestep_past

0

200

400

600

800
Tropics(d)

D 0
6

D 0
5

D 0
4

D 0
3

D 0
2

D 0
1 D 0

Day of prediction (days)

Pacific(e)

D 0
6

D 0
5

D 0
4

D 0
3

D 0
2

D 0
1 D 0

Day of prediction (days)

Asia(f)

Figure 9. Location of the cyclones associated with predictions at different lead times, split by geographical sectors (red lines with circles).

These are compared to the past positions of the cyclones associated with predictions at D0 tracked back in time (black lines with triangles).

The map in a. shows the different sectors studied: Europe (Eur.), the East Atlantic (E. Atl.) sector, the West Atlantic (West Atl.) sector, Asia,

the Pacific and the Tropics.

4.3 Limitations

While we provide evidence that the neural network predictions align with physical understanding, our framework relies on

methodological and data choices designed to help the neural network learn the appropriate cyclone-related features, which can

introduce an inductive bias. Notably, the neural network can only predict from a partial representation of cyclones existing

in the input data, which does not include higher-level winds and vertical gradients, for example. Similarly, other processes345

not included in input variables, such as moisture availability and transport (Azad and Sorteberg, 2017; Benedict et al., 2019),

convection (Xie et al., 2025) and orographic enhancement (Barstad and Caroletti, 2013), cannot contribute to predictions even

though they influence heavy precipitation in the western Norway. Furthermore, our analysis depends on the ERA5 reanalysis

for dynamical fields and precipitation. While the ERA5 reanalysis has known limitations in the representation of heavy pre-

cipitation (e.g. McErlich et al., 2023), we argue that it is suitable for our objective of assessing whether the neural network’s350
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predictions are physically reasonable, specifically since mid-latitude cyclones have been shown to be the main cause of heavy

precipitation in Western Norway in ERA5 (Konstali et al., 2024).

Finally, we note that LRP is a post hoc explainability method (i.e., not built directly into the network architecture) that only

provides an approximate explanation of the network behaviour (Montavon et al., 2019) and does not fully capture its internal

decision-making process. In that sense, the results from any such method should be taken more as an indication than a definitive355

answer. In addition, similar post hoc explainability methods, such as integrated gradients or LRP with different rules, may yield

quantitatively different results, particularly at finer spatial scales (Mamalakis et al., 2022a). While large-scale features such as

cyclones are relatively robust due to their extent in the input space, smaller-scale features may be more sensitive to the choice of

XAI method. Fundamentally, our method identifies only statistical alignment between the neural network relevance fields and

the tracked physical features, not causal links, despite the apparent correspondence between relevance maps and key physical360

characteristics of cyclones. This distinction is inherent to all post hoc explainability approaches and remains an open challenge

in XAI for geoscientific applications. Interpretable AI methods, which involve building predictive models that are explicitly

understandable and interpretable, may be more promising for understanding or discovering physical causality (Yang et al.,

2024; Lipton, 2018).

5 Concluding remarks365

5.1 Main findings

In this work, we present an object-oriented XAI framework that allows us to assess whether neural network outputs align with

physical understanding. Specifically, we combine XAI relevance analysis with trajectories of tracked dynamical objects to

associate individual predictions with specific weather features. This approach moves beyond composite spatial analysis toward

a more quantitative and process-oriented interpretation of neural network predictions, enabling physical assessment at the level370

of individual predictions.

Our application focuses on predicting heavy precipitation events in Western Norway. We used our framework to show that

(1) the neural network predictions are systematically associated with mid-latitude cyclones, and (2) these cyclones exhibit

physically reasonable intensity, location, and evolution along the North Atlantic storm track. These findings hold for lead times

up to 3 to 4 days. Beyond this range, predictions become more uncertain, and interpretability decreases, consistent with the fact375

that many cyclones causing heavy precipitation have not yet formed at longer lead times. By linking predictions to individual

cyclones, our object-based XAI framework provides evidence that the neural network predictions are based on the correct

weather features, not just the correct geographical regions. Overall, our results strengthen the conclusion of Toms et al. (2020),

indicating that neural networks can make physically grounded predictions when applied to weather and climate science.
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5.2 Generalisation380

Our object-oriented XAI framework could be extended to more complex applications. In the current study, the predicted events

(i.e. heavy rainfall in Western Norway) are mainly driven by a single, well-identified physical feature: mid-latitude cyclones.

This makes the problem particularly suitable for our object-based XAI framework. Applications where the predictions are

driven by multiple interacting physical features should be tractable, provided that the features can be tracked in space and

time. For example, in regions like West Africa, heavy precipitation is driven by a combination of meso-scale convective385

systems, easterly waves and large-scale circulation patterns, notably associated with monsoon systems (Kamara, 1986). Such a

prediction task would require sufficient training data for the neural network to learn to separate the multiple interacting features.

While we designed a relatively simple neural network architecture by choice, our framework could also be applied to evaluate

the physical consistency of state-of-the-art AI weather prediction models such as Pangu (Bi et al., 2022), FourCastNet (Kurth

et al., 2023) or AIFS (Lang et al., 2024). This would likely require adapting the XAI method used, as LRP is not compatible390

with all neural network architectures. Other methods, such as Grad-CAM or gradient-based approaches, may be more suitable

for these AI weather models (Baño-Medina et al., 2025; Rampal et al., 2022). Combining such a framework with existing

benchmarks for new AI weather models would provide a complete assessment of both predictive skill and physical consistency,

therefore improving trust in operational AI forecasting.

5.3 Implications for scientific discovery395

Beyond evaluating neural networks, object-based XAI offers new opportunities for scientific discovery and data-driven hy-

pothesis generation. With this framework, individual predictions can be linked to physical features. This could enable the

identification of potential physical drivers, the quantification of the relative contribution of different processes for a given pre-

diction, and the analysis of long-term changes in driver importance (as in Davenport and Diffenbaugh, 2021). While causal

inference remains limited, consistent attribution patterns across many events can provide multiple lines of evidence to support400

such hypotheses.

5.4 Achieving credibility through physical consistency

Building trust in AI weather models remains an important challenge due to their complexity, but it is critical if these tools are

to be used in operational and decision-making contexts. As argued by O’Loughlin et al. (2025), establishing trust requires first

explaining the neural network predictions, which can be done using XAI methods. Such explainability provides a foundation405

for establishing the credibility of predictions, eventually enabling trust. One way to achieve credibility is through component-

level understanding of the neural network, in which individual components (i.e., specific layers, blocks, or groups of neurons)

are linked to neural network performance (O’Loughlin et al., 2025). Here, we propose an alternative: assessing the physical

consistency of individual predictions. We show that neural network predictions align with physical understanding by relying

on meaningful physical features, thereby increasing their credibility. Ultimately, trust requires predictions to be accurate, but410
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also credible through a grounding in physical interpretability. Strengthening this trust supports the use of neural networks for

scientific discovery and process understanding (Mamalakis et al., 2022b; Roscher et al., 2020; Yang et al., 2024).
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