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Abstract. Segmentation of crop fields is essential for enhancing agricul-
tural productivity, monitoring crop health, and promoting sustainable
practices. Deep learning models adopted for this task must ensure accu-
rate and reliable predictions to avoid economic losses and environmental
impact. The newly proposed Kolmogorov-Arnold networks (KANs) offer
promising advancements in the performance of neural networks. This pa-
per analyzes the integration of KAN layers into the U-Net architecture
(U-KAN) to segment crop fields using Sentinel-2 and Sentinel-1 satellite
images and provides an analysis of the performance and explainability
of these networks. U-KAN performs comparable to or better than the
full-convolutional U-Net in half of the GFLOPs. Furthermore, gradient-
based explanation techniques show that U-KAN predictions are highly
plausible and that the network has a very high ability to focus on the
boundaries of cultivated areas rather than on the areas themselves. The
per-channel relevance analysis also reveals which channels are critical for
explaining model behavior and which have little to no impact, thus pro-
viding insights into the features the model relies on for the segmentation
task.

Keywords: Remote Sensing · Explainable AI · Crop Field Segmentation

1 Introduction

In recent years, remote sensing and deep neural networks have revolutionized how
we approach agricultural management, environmental monitoring, and many
earth-observation-related tasks. Their combination proved to be effective in a
wide range of tasks, such as emergency management [19] and land cover [31].
One task related to land cover is the segmentation of crop fields, which is cru-
cial for optimizing agricultural productivity, assessing crop health, and planning
sustainable farming practices [7].

The accuracy and interpretability of the neural networks used in this process
are fundamental to ensure reliable and actionable insights. Accurate segmenta-
tion of crop fields enables precise calculations of area coverage, assessment of
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(a) RGB Image (b) Ground Truth (c) U-Net (d) U-KAN

Fig. 1: Example image from the South Africa Crop Type dataset [45], Sentinel-2. (a)
displays the image from Sentinel-2 in RGB, and (b) shows the corresponding ground
truth, with crop field areas for segmentation highlighted in yellow. (c) and (d) present
the saliency maps generated by U-Net and U-KAN, respectively, where red pixels
indicate the areas of highest network focus.

crop types, and monitoring of agronomic factors such as plant health and soil
conditions [6]. This information is critical for making informed decisions on ir-
rigation, fertilization, and crop rotation, which are essential for enhancing yield
and sustainability [10]. Furthermore, accuracy in semantic segmentation tasks
directly influences economic planning and policy-making at various governmen-
tal and institutional levels. Providing accurate decisions is essential, yet model
understandability and accessibility are also vital to allow practitioners to validate
them and adhere to institutional regulations [44]. These factors are crucial as
they significantly impact both economies and the environment [15]. Deep learn-
ing models can achieve high accuracy, but they are often considered “black boxes”
due to their intricate architectures composed of numerous layers and parame-
ters that are difficult to interpret. This complexity poses significant challenges
in understanding the decision-making processes underlying these models. In the
context of remote sensing, the interpretability of such models is further compli-
cated by the nature of the data, which includes various spectral bands, temporal
sequences, and spatial resolutions. Additionally, factors such as noise, occlusions,
and atmospheric effects can obscure the models’ decision-making processes.

Consequently, explainability in deep learning for remote sensing is crucial,
as it ensures that humans can understand the decisions and outputs of these
models. Developing techniques to elucidate the logic behind the model outputs
is essential for validating its results and establishing confidence in its practical
applications. A widely adopted approach to enable model explainability is to
provide explanations for individual predictions of a model in a post-hoc fashion,
allowing its interpretability while not affecting its accuracy. This solution finds
application in the domain of earth observation, where explanations are presented
as saliency maps (or heat maps), highlighting which parts of the satellite image
influence the model prediction [15,18] (see Figure 1 (c) and (d) as examples).

The recent introduction of Kolgomorov-Arnold Networks (KANs) [23] posed
a new paradigm for neural networks as an alternative to Multi-Layer Percep-
trons (MLPs). Inspired by the Kolmogorov-Arnold representation theorem [2,20],
KANs allow learning custom activations of the edge of the network. In this way,
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it is possible to analyze the contribution of individual components of the input
data, thus providing a more transparent view of the network’s decision-making
process. Considering their potential in improving vision tasks, KANs were re-
cently integrated [22] into the U-Net architecture [35], which is a well-known seg-
mentation architecture. The resulting network, denoted as U-KAN, was tested
for medical image segmentation and demonstrated superior accuracy and effi-
ciency. In this paper, we are the first to explore the adoption of U-KAN for crop
field segmentation, analyzing U-KAN and U-Net from the performance and ex-
plainability perspectives. We consider the following research questions (RQs):
RQ1. How does U-KAN perform compared to U-Net for the task of crop field
segmentation? RQ2. Which parts of the satellite image influence the models’
predictions the most? Do U-Net and U-KAN prioritize different aspects of the
image?

To address the first research question, we evaluate U-KAN and U-Net on the
South Africa Crop Type dataset [45] for crop field segmentation on Sentinel-
2 [14] and Sentinel-1 [43] satellite images. Our findings indicate that U-KANs
are more accurate and efficient than U-Nets regarding Intersection-Over-Union
(IoU) and Giga Floating Point Operations Per Second (GFLOPs), respectively.

For the second research question, we analyze the explainability of both mod-
els. We leverage post-hoc explainability techniques to identify which parts of an
image influence the identification of the model. We compare these importance
scores, denoted as saliency maps, for U-Net and U-KAN to analyze differences
in the identification behavior. Our results reveal that U-Net and U-KAN indeed
consider different aspects of the image for predictions. U-KANs generally focus
on the edges of the crops, while U-Nets concentrate more on the internals, as
exemplified in Figure 1 (c) and (d). Moreover, we quantitatively evaluate the
quality of the saliency maps, revealing that U-KANs are more faithful and plau-
sible. Our contributions can be summarized as follows:

– We are the first to explore the application of U-KAN for crop field segmen-
tation.

– We perform a comparative analysis of U-KAN and U-Net for the crop field
segmentation on satellite images.

– We analyze the explainability of U-KAN and U-Net, utilizing post-hoc ex-
plainability techniques to generate and evaluate saliency maps.

– We reveal that U-KAN offers superior accuracy and efficiency, as well as
more faithful and plausible saliency maps compared to U-Net.

The code to reproduce the experiment is available at https://github.com/
DarthReca/crop-field-segmentation-ukan.

2 Related Work

In this section, we provide an overview of the advancements in remote sensing
for agriculture, the explainability of neural networks, and their intersection.

https://github.com/DarthReca/crop-field-segmentation-ukan
https://github.com/DarthReca/crop-field-segmentation-ukan
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2.1 Remote Sensing

Remote sensing technologies have been extensively applied in agriculture to en-
hance crop monitoring, management, and productivity. Early studies focused on
utilizing satellite imagery to assess crop health and estimate yields [5]. With ad-
vancements in sensor technology and data processing techniques, the resolution
and accuracy of remote sensing data have significantly improved, enabling more
detailed analysis of agricultural landscapes [33]. One application of remote sens-
ing in agriculture is crop field segmentation, which involves identifying cultivated
areas. The introduction of Convolutional Neural Networks (CNNs) and the U-
Net architecture has further enhanced crop field segmentation [4, 47]. Although
recent advancements have proposed other architectures, it still remains one of the
most effective baselines in remote sensing, thanks to its design [12]. Integrating
multispectral and hyperspectral imaging has also contributed to more accurate
crop field segmentation. These images capture data across various wavelengths,
providing richer information about crop characteristics [42].

2.2 Explainable AI

Explainable artificial intelligence (XAI) is a branch of AI research dedicated to
making machine learning models interpretable and understandable to humans
[1, 3, 32]. In recent years, there has been a significant interest in applying XAI
techniques to Earth observation tasks, driven by the necessity to interpret com-
plex AI models applied in remote sensing [15,18]. Solutions in this domain follow
a standard categorization of XAI approaches: interpretable by design and post-
hoc explainability methods [32]. By-design approaches, such as [21, 28, 29, 39],
integrate interpretability intrinsically into the design of the model algorithm
or its architecture. However, they often fail to explain individual model pre-
dictions, raising doubts about their actual ability to help humans understand
the process [15]. Additionally, these approaches tend to be less accurate than
black-box models. To address these limitations, many works focus on post-hoc
explanations [16–18,26,41], which aim to explain trained black-box models while
preserving their accuracy and enhancing transparency.

Saliency maps are one of the most adopted post-hoc methods for visualizing
which parts of an input image influence the model’s prediction. Saliency maps (or
heat maps) are overlayed pixel-based importance scores over the input image,
highlighting how much each pixel contributes to the prediction. These maps
have been widely adopted for semantic segmentation in tasks such as medical
diagnosis [16–18, 26]. The urgency of understanding the decision process of the
models in remote sensing has led to works investigating their application to
segment satellite imagery and agricultural fields [18].

Among these works, Kakogeorgiou and Karantzalos [18] proposed a system-
atic evaluation of saliency maps for multi-label deep learning classification tasks
in remote sensing. Their work tested ten explainable AI methods for deriving
saliency maps and proposed a systematic analysis from both qualitative and
quantitative perspectives. Our approach aligns with this systematic evaluation;
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however, rather than comparing multiple XAI approaches to explain the same
model, we systematically evaluate explanations by comparing two models using
the same explainability technique to derive saliency maps. Their study identified
Grad-CAM [37] as a reliable and interpretable method while being less compu-
tationally expensive [18]. We leverage the result of this analysis, and we adopt
Grad-CAM as the explainability method.

In line with the demand for interpretability, the recently proposed KANs [23]
offer their own level of interpretability by allowing interactions with the net-
work through pruning and by visualizing the learnable activation functions.
The work [22] demonstrated the integration of KANs into the U-NET architec-
ture [35], enhancing performance and efficiency for medical diagnosis tasks. Our
study is the first to apply U-KANs for crop field segmentation. Furthermore, we
compare the U-NET and U-KAN architectures from an explainability perspec-
tive, proposing a systematic evaluation of their explanations. To the best of our
knowledge, we are also the first to evaluate U-KAN for the post-hoc explainabil-
ity perspective, analyzing the individual explanations provided by Grad-CAM.

3 Methodology

In this section, we formalize the problem by first detailing the crop field seg-
mentation task, followed by the explainability part, and finally, we present the
models.

3.1 Problem statement

This work addresses the crop field segmentation problem based on radiometric
or hyperspectral images. The problem can be formulated as follows: Let I be an
arbitrary satellite image of size W ×H ×D, where W and H are the width and
height of the images in pixels, respectively, while D is the depth of the images
(i.e., the number of features per pixel). The objective is to automatically create a
binary mask M represented by a matrix of size W ×H associated with I, where
the value 1 in a cell indicates the associated pixel contains cultivated area. In
contrast, 0 is related to any non-cultivated area.

Explainability Statement We aim to help users fully understand how the
model achieves effective segmentation by providing them with visual explana-
tions of model predictions. From an XAI perspective, the problem can be formu-
lated as follows: Given an image I and its binary mask M , we want to produce
a saliency map (or heat map) S of size W ×H to highlight the regions of I that
are important for the model’s prediction. Each element si of S is the importance
score associated with pixel pi of image I. Each value si represents the influence
pi on the prediction of cultivated area. Visualizing the saliency map eases the
interpretation of how the model arrives at its decisions.
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Fig. 2: U-Net architecture [35]. It is characterized by a U-shape structure with a con-
tracting path (left side) to capture context and a symmetric expanding path (right
side) to enable precise localization.

3.2 Models

In this study, we compare the well-known U-Net [35] with a modified version [22]
which integrates KAN [23] layers into the architecture. In the following, we first
outline the U-Net architecture. We then outline the KAN neural networks and,
finally, its integration into the U-KAN architecture.

U-Net U-Net is a convolutional neural network architecture designed primarily
for biomedical image segmentation [35]. Its architecture is characterized by a U-
shaped structure (as seen in Figure 2), with a contracting path to capture context
and a symmetric expanding path to enable precise localization. The contracting
path consists of repeated application of convolutions followed by max-pooling
operations, while the expanding path involves upsampling and convolutional lay-
ers to reconstruct the image resolution. This design allows U-Net to effectively
learn from relatively few training images and produce high-quality segmenta-
tions, making it a popular choice for segmentation beyond medical imaging.

KAN Kolmogorov–Arnold Networks [23] (KANs) are a novel type of neural net-
work inspired by the Kolmogorov-Arnold representation theorem [2, 20], which
states that every multivariate continuous function f : [0, 1]n → R can be repre-
sented as a superposition of the two-argument addition of continuous functions
of one variable:

f(x) = f(x1, x2, ..., xn) =

2n∑
q=0

Φq

( n∑
p=1

ϕq,p(xp)
)

(1)

where ϕq,p : [0, 1] → R and Φq : R → R. Unlike traditional Multi-Layer Per-
ceptrons (MLPs) that have fixed activation functions on nodes, KANs employ



KAN You See It? 7

Input Image
H ×W × C0

H

2
×
W

2
× C1

H

4
×
W

4
× C2

H

8
×
W

8
× C3

Tok-KAN

Tok-KAN Tok-KAN

H

16
×
W

16
× D1

H

32
×
W

32
× D2

H

32
×
W

32
× D2

Tok-KAN
H

16
×
W

16
× D1

H

8
×
W

8
× C3

H

4
×
W

4
× C2

H

2
×
W

2
× C1

Prediction
H ×W × CY

Down/Upsample

Skip Connection

Convolution Block

Fig. 3: U-KAN [22]. It has the same U-shape as U-Net, but the deepest layers are
implemented as Tok-KAN blocks. Tok-KAN blocks are composed of a Tokenization
layer, a KAN layer, a Downsampling layer, and a Normalization layer.

learnable activation functions on edges. This is achieved by replacing every linear
weight parameter with a univariate function parameterized as a spline. The acti-
vations change step-by-step to better approximate the desired target during the
training, and KANs offer the possibility of visualizing the learnable activation
functions. In this way, KANs can be more transparent and efficient in learning
more complex relations than MLPs, offering promising alternatives to traditional
deep learning models. The learned activations can be low-cost functions (e.g.,
constant or linear) when there is no need for complex non-linearities. This also
grants the possibility of understanding the salient parts of the input.

U-KAN U-KAN [22] proposes to implement the deepest layer of the U-Net
using KANs. These layers are composed of a tokenization layer, a KAN layer, a
downsampling layer, and a final normalization layer. In Figure 3, it is possible
to see the key difference stands only in how the deepest representations are pro-
cessed by the network. The main features of the U-Net, such as downsampling
and skip-connection, remain invariant, sharing the same benefits. The modifica-
tion in the encoder’s last layers and the decoder’s firsts allows the network to
learn custom activation functions instead of fixed ones, potentially improving
the representativity of the embeddings and reducing the required computational
resources by learning simple activations when needed.

4 Experimental Setup

This section describes the adopted dataset, the experimental setting, and the
adopted evaluation metrics for the crop segmentation performance and quality
of the derived explanations.
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4.1 Dataset

We employed the South Africa Crop Type dataset [45], which contains images
taken from both Sentinel-2 and Sentinel-1 covering a wide region of South Africa.
The dataset includes small and irregular-shaped [25] crop fields, making it more
challenging, and provides higher resolution imagery (of size 256 × 256) than
other datasets covering the area. The annotations contain the mask of the areas
covered by a certain crop. For our analysis, we limit the scope to distinguish
between cultivated and non-cultivated areas. We analyzed the results using both
types of imagery from Sentinel-2 and Sentinel-1. Sentinel-1 [43] is a satellite mis-
sion under the Copernicus program, comprising two identical satellites equipped
with C-band Synthetic Aperture Radar (SAR). It provides all-weather, day-
and-night radar imaging. The satellite can work in both single-polarization and
double-polarization modes. On land, it mainly works collecting VV and VH
polarizations.Sentinel-2 [14] is part of the Copernicus program and consists of
two satellites. These satellites carry high-resolution multispectral imaging instru-
ments with 13 spectral bands ranging from Ultra-Blue, Visible, Near Infrared
(NIR), and Short Wave infrared (SWIR). It is particularly sensitive to vegetation
due to the presence of instruments that work in the infrared spectrum.

While Sentinel-1 images can cover different atmospheric situations due to the
radiometric nature of the imagery, Sentinel-2 is affected by clouds and similar
atmospheric disturbances. Since the provided cloud masks are often not accurate,
we computed the masks with the s2cloudless algorithm [38]. We exclude low-
quality Sentinel-2 images with a strong overlap between the cloud mask and the
areas containing crops (intersection over 0.7).

Since no splits were provided, we randomly divided the dataset into a training
set containing 2019 training, 267 validation, and 364 test samples. The three
splits are similar (p > 0.9) according to the chi-square test when measuring the
class frequencies. In this way, we created two datasets with three splits each due
to the fact the dates of Sentinel-1 and Sentinel-2 do not exactly match because
of the different revisit times. Figure 4 shows a sample from the test set in both
Sentinel-1 VV and Sentinel-2 RGB.

4.2 Experimental Setting

Crop Field Segmentation The images have size 256 × 256 × 2 for Sentinel-
1 data and shape 256 × 256 × 12 for Sentinel-2. We train all networks with
an AdamW [24] optimizer and a learning rate scheduler with a reduction on
plateau of factor 0.2 and patience of 5. The initial learning rate was set to 1e-
4, and the batch size to 16. We trained the models for 60 epochs. We apply
random horizontal and vertical flipping as augmentations. The loss function is
generalized dice loss [40], which takes into account the class imbalance in the
images. We compared the two networks with the same encoder (and so decoder)
embedding sizes to better understand how they exploit the same representation
space. We evaluated the networks under Intersection-Over-Union (IoU), F1-Score
(F1), Precision (Prec), and Recall (Rec) for the positive class. We also evaluated
GFLOPs to measure the efficiency of the network.
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Sentinel-1 Sentinel-2 Cultivated Area

Fig. 4: South Africa Crop Type dataset example. Sentinel-1 shows the grayscale of the
VV polarization, while Sentinel-2 shows the RGB of the same area. The mask shows
the cultivated area in white.

Explainability We use Grad-CAM [37] as a visual post-hoc explanation method
for this task because of its proven effectiveness in previous XAI studies in re-
mote sensing [18]. Grad-CAM is particularly valuable because it helps answer
the critical question, “Where does the model focus when segmenting crops?”.

For each image, we generate a single saliency map to quantify the influ-
ence of each pixel on the prediction of the positive class (i.e., cultivated area)
made by a model (i.e., U-NET or U-KAN). In GradCAM, the generation process
first involves computing the gradients of the positive class score with respect to
feature maps of a selected convolutional layer. These gradients are then aver-
aged globally to obtain the importance weights for each feature map. Next, a
weighted sum of these feature maps is performed using the calculated weights.
This yields a coarse location map that highlights the regions of the input image
that are most influential in model segmentation decisions. Finally, we apply a
ReLU activation to this weighted sum to ensure that only positive influences are
considered, producing the final Grad-CAM heat map. In our experiments, we
use Sentinel-2 data, which provides multispectral images over 12 channels, and
generate the explanations for the test set images.

We assessed the Plausibility, Sufficiency, and Per-channel Relevance of the
generated Grad-CAM heatmaps. Below, we provide a detailed description of
each metric.

Plausibility Plausibility refers to the degree to which the explanations align
with human understanding and domain-specific knowledge [13,18,36]. Assessing
plausibility is crucial to ensure that models not only perform well but also align
with human expectations and knowledge. In this study, we want to assess to
which extent each obtained heat map aligns with the relative ground truth. We
evaluate the plausibility of saliency maps by computing the IoU, F1, precision,
and recall scores between the generated saliency map and the corresponding
ground truth mask. Higher scores indicate that the saliency maps are more
plausible, as they better align with the ground truth.
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Since our saliency maps provide continuous explanations where each pixel has
a value of importance, we established a threshold of importance to define which
pixels are considered important for the segmentation with Otsu method [34].
This method segments the saliency map into distinct regions, creating a binary
mask directly comparable to the binary truth mask.

Sufficiency Sufficiency is an aspect of faithfulness that evaluates whether an
explanation indeed captures the key factors contributing to the segmentation
and, therefore, is sufficient to explain it [18].

To assess the sufficiency, we retain only the important pixels identified by
the explanation and mask the others. Specifically, we use the Otsu method to
threshold the binary saliency maps, preserve only the image’s relevant pixels, and
set the others to zero. We then evaluate the performance metrics (IoU, F1-score,
Precision, and Recall) for the positive class on this altered image. Sufficiency
is computed as the difference in these metrics between the original and altered
images. A smaller drop in performance indicates a more sufficient explanation.

Per-channel Relevance We assess the impact of image channels on the model
explanations. For this evaluation, we extend the concept of occlusion sensitivity
[8]—typically used to mask parts of an image—to occlude entire input data
channels This evaluation aligns better with the nature of our data, where each
channel represents distinct features with specific importance and classification
roles. By systematically occluding an entire channel, we assess how its absence
affects the model’s explanation, providing insights into each channel’s role in the
classification process.

In our experiments, we occlude one channel at a time by zeroing it (which
means no data for this imagery) and then compute the saliency map. Next, we
measure the IoU between the saliency map obtained by occluding one channel
and the saliency map obtained using all channels. A high IoU indicates that
the excluded channel is less critical for the model’s predictions as its omission
has little impact on the model behavior. Conversely, a lower IoU suggests that
the channel plays a significant role in the model’s explanation and, thus, in its
segmentation process.

5 Experimental Results

In this section, we present the results obtained for the analyzed dataset. First, we
outline crop segmentation performance, addressing our research question RQ1.
We then analyze the explanations of U-Net and U-KAN predictions from the
qualitative and quantitative perspectives, addressing RQ2.

5.1 Task Performances

In Table 1, we report the results obtained when employing U-Net and U-KAN on
Sentinel-1 and Sentinel-2 data. U-KAN provides the best performance in terms
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of IoU on Sentinel-2, proving its adaptability in dealing with complex relations.
On Sentinel-1, U-KAN gets comparable performance in terms of IoU to U-Net.
In terms of precision, the KAN variant is more performant, scoring ≈ +3%
than U-Net. Although Sentinel-1 imagery is less affected by atmospheric events,
Sentinel-2 bands provide a better understanding of the area with both networks.
U-KAN better exploits the numerous channels of Sentinel-2, while the 2 channels
of SAR are exploited in a similar manner by the two networks. U-KAN proves
to be more computationally efficient than a standard U-Net when looking at
GFLOPS: it consumes half the one of U-Net.

The KAN variant proves to be a preferable solution in both cases, providing
better or comparable performance in fewer GFLOPs. Moreover, it proves to be
more precise in any case.

Table 1: Results of U-Net and U-KAN using Sentinel-1 (S1) and Sentinel-2 (S2) data.

Model GFLOPs ↓ IoU ↑ F1 ↑ Prec ↑ Rec ↑

S1 U-Net 79.89 65.59 79.21 74.56 85.56
U-KAN 44.89 65.36 79.03 77.40 77.50

S2 U-Net 80.65 72.95 84.35 72.57 94.33
U-KAN 45.65 74.82 85.59 75.24 93.31

5.2 Analysis of explanations

We analyze the explainability results of U-KAN and U-Net networks on the
Sentinel-2 dataset through qualitative and quantitative assessments.

Qualitative Evaluation We examine the saliency maps obtained from both
networks. This analysis provides insight into the areas where each model focuses
its attention, offering a deeper understanding of their segmentation behaviors.

Figure 1 shows examples of saliency maps generated by the U-Net and U-
KAN models. The red pixels indicate the points where the network’s attention
is most focused, highlighting the differences in the behavior of the two models.
Figure 1 (c) reveals that the U-Net model focuses on a significantly larger area
than the U-KAN model. This observation suggests that, regardless of the effec-
tiveness of the segmentation task, the U-Net model tends to distribute its focus
over larger regions. In contrast, the U-KAN model has an interesting feature in
its approach to the segmentation task. The network focuses predominantly on
the boundaries of cultivated areas rather than within the areas themselves. This
focus on boundaries suggests that the U-KAN model prioritizes delineating the
edges of areas of interest. This last feature opens up the potential use of U-KAN
networks in boundary delimitation and mapping tasks, where precise edge de-
tection and delineation are crucial [27,46]. These considerations generally apply
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(a) RGB and GT (b) All Channels (c) No B01 (d) No B06 (e) No B11

Fig. 5: Per-channel relevance examples of U-KAN. The figure shows the ground truth
over the original RGB image (a) and the saliency map of all 12 channels (b). Images
(c), (d), and (e) display saliency maps generated by obscuring channels corresponding
to B01, B06, and B11, respectively.

to the images in the dataset. We included multiple examples of saliency maps in
our repository.

Figure 5 illustrates the change in saliency maps when specific channels related
to bands B01, B06, and B11 are obscured for the U-KAN. From Figure 5(c),
we can infer that by obscuring the channel relative to band B01, the resulting
saliency map is very similar to the original one (Figure 5(b)), indicating that
this channel has little impact on model focus. When the channel corresponding
to band B06 is obscured, we observe a change in the saliency map, suggesting an
influence of this channel on network focus. The most significant change occurs
when we obscure the channel relative to B11 (Figure 5(e)). The resulting saliency
map shows that the model does not focus on any specific area, implying that
the network cannot detect segmentation traits without this channel. This result
highlights the critical importance of band B11 in the model’s ability to perform
the segmentation task. Similar observations apply to the U-Net. We further
investigate the impact of channels on saliency maps in the following quantitive
analysis.

Table 2: Plausibility of Explanations for Sentinel-2.

Model IoU F1 Prec Rec

U-KAN 73.52 80.77 84.49 77.74
U-Net 68.19 84.50 82.23 87.13

Quantitative Evaluation Table 2 presents the evaluation results of Plausi-
bility. Regarding the plausibility of explanations, U-KAN demonstrates higher
IoU and Precision than its competitor, U-Net. This indicates that U-KAN pro-
vides more accurate and reliable explanations, aligning more closely with human
understanding. On the other hand, U-Net has a higher Recall and F1 score of
plausibility. This could be because U-Net is more sensitive and captures more
features in saliency maps, although it includes more false positives.



KAN You See It? 13

Table 3: Sufficiency of Explanations for Sentinel-2.

Model IoU F1 Prec Rec

U-KAN 67.94 (-6.88) 80.59 (-5.0) 84.46 (+9.22) 77.45 (-15.86)
U-Net 68.85 (-4.1) 81.26 (-3.09) 84.10 (+11.53) 78.95 (-15.38)

In Table 3, we present the results assessing the Sufficiency of explanations.
Sufficiency is quantified as the difference in metrics between masked images and
their original counterparts. An interesting observation is the variation in the
Precision metric. While there is a decrease in other metrics, which aligns with
removing less critical pixels, there is an improvement in Precision for both U-
KAN and U-Net. This increase in precision is noteworthy because by excluding
less important pixels, both networks demonstrate an enhanced ability to delin-
eate pixels belonging to crop class.

Table 4: Per-channel relevance (lower is better) based on IoU for Sentinel-2.

B01 B02 B03 B04 B05 B06 B07 B08 B8A B09 B11 B12

U-KAN 72.92 74.62 46.90 45.90 0.11 47.49 38.51 15.61 0.00 42.48 0.19 47.03
U-Net 68.08 68.90 46.24 46.26 0.13 47.19 36.91 15.54 0.00 42.55 0.18 48.30

Table 4 reports the Per-channel relevance results. For each model, we report
the IoU score between the saliency map of all channels and the one obtained by
obscuring the specific channel related to the band. In this context, a lower IoU
signifies the higher importance of a channel. Specifically, if removing a channel
yields a lower or zero IoU, it indicates that the channel plays an important role
in the final segmentation task. For both U-KAN and U-Net models, we obtain
that the channels corresponding to bands B05 (705 nm - Red Edge), B8A (865
nm - Narrow Near-Infrared), and B11 (1610 nm - Shortwave Infrared 1) are
identified as the most significant for crop segmentation task due to their specific
sensitivities. Specifically, B05 and B8A are sensitive to chlorophyll content and
vegetation biomass and B11 to moisture content in soil and vegetation [9,11,30].
This quantitative evaluation across all test samples aligns with the qualitative
results displayed in Figure 5, confirming the discussed insights. Analyzing the
relevance of each channel in Sentinel-2 images opens the possibility of reducing
the number of channels used by focusing on only the most important ones.
This optimization can enhance efficiency and reduce computational costs while
maintaining the quality of the analysis.

5.3 Analysis of the trained models

As previously mentioned, KANs are designed with a level of interpretability
through the possibility of visualizing learnable activation functions. Although
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Fig. 6: Activation functions for the first element of the embeddings of the KAN decoder
layer.

our main goal is to explore the post-hoc explainability of the U-KAN network
with respect to the U-Net, we also sought to analyze the behavior of learnable
activation functions in a decoding layer. This is also particularly relevant when
analyzing the resource consumption of the network since the learned function
can be simple to compute (e.g., linear) or complex when necessary, potentially
helping both GFLOPs and performance, as shown before. In Figure 6, we report
the learned activations for an element of the embeddings in a decoder layer.
We can see substantial differences between the base function (SiLU) and ReLU,
commonly employed by U-Net. U-KAN effectively represented more complex
relations in the deep embeddings. The second activation is reversed along the
y-axis compared to SiLU. The first and the third are similar but have a different
slope (the first function is steeper). Moreover, each element of the embedding
learns different activations with different complexity. Some of them could be con-
stant activations for certain elements in the embeddings. The learned functions
with a variance < 1 are ≈ 26% the total, while the ones with a variance < 0.1
are ≈ 8%. This indicates the irrelevant parts of the embedding because every
input is mapped to the same value every time.

6 Conclusions

In this work, we have shown how the new KANs can improve well-known ar-
chitecture applied to the agricultural field, particularly in terms of efficiency,
using only half the resources of full CNN architecture. Our study indicates that
U-KAN offers superior performance when dealing with the numerous spectral
channels of Sentinel-2 compared to U-Net, while they perform similarly with
only two SAR channels. The explainability analysis also reveals two significant
insights. First, the U-KAN network’s emphasis on boundary details makes it
particularly effective for tasks such as boundary delimitation and mapping. Sec-
ond, not all the channels are useful for the segmentation task. So, users can
decide to rely only on the most important reducing computational costs of the
models. In future work, we intend to implement the insights from our network
explainability analysis to enhance performance and reduce computational costs.
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