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Abstract

Automated crop mapping through Satellite Image Time Se-
ries (SITS) has emerged as a crucial avenue for agricultural
monitoring and management. However, due to the low reso-
lution and unclear parcel boundaries, annotating pixel-level
masks is exceptionally complex and time-consuming in SITS.
This paper embraces the weakly supervised paradigm (i.e.,
only image-level categories available) to liberate the crop
mapping task from the exhaustive annotation burden. The
unique characteristics of SITS give rise to several challenges
in weakly supervised learning: (1) noise perturbation from
spatially neighboring regions, and (2) erroneous semantic
bias from anomalous temporal periods. To address the above
difficulties, we propose a novel method, termed exploring
space-time perceptive clues (Exact). First, we introduce a
set of spatial clues to explicitly capture the representative
patterns of different crops from the most class-relative re-
gions. Besides, we leverage the temporal-to-class interaction
of the model to emphasize the contributions of pivotal clips,
thereby enhancing the model perception for crop regions.
Building upon the space-time perceptive clues, we derive
the clue-based CAMs to effectively supervise the SITS seg-
mentation network. Our method demonstrates impressive
performance on various SITS benchmarks. Remarkably, the
segmentation network trained on Exact-generated masks
achieves 95% of its fully supervised performance, showing
the bright promise of weakly supervised paradigm in crop
mapping scenario. Our code will be publicly available here.

1. Introduction

The launch of numerous public and commercial satellites
provides broader opportunities to record, analyze, and pre-
dict the evolution of crop land [5, 17, 47, 50]. In this con-
text, Satellite Image Time Series (SITS) with 10m resolu-
tion offered by the high-frequency Sentinel-2 (S2) satellites
serve as a valuable data source for automated crop map-
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Figure 1. Illustration of the two inherent issues arised from
spatial and temporal perspectives in SITS. (a) shows noise per-
turbation from the spatial perspective. We visualize the high-level
feature manifold of Dog (natural image) and Barley (SITS) to reveal
the distinct spatial properties. The feature dimensions are reduced
by t-SNE [48]. (b) shows the erroneous semantic bias induced by
anomalous temporal clips. We denote the parcel regions with .
The white circles refer to false positive activation regions in CAMs.

ping [6, 14, 22,28, 35, 56]. The core of crop mapping lies in
the semantic segmentation of crop parcels. Recently, many
efforts are devoted to exploiting the versatile and power-
ful relation modeling capability of deep neural networks
for this task [20, 21, 34, 46]. While such methods have
shown a significant progress, they rely heavily on pixel-level
manual annotation, which is notoriously complex and time-
consuming [49]. The low resolution of satellite images and
the indistinct boundaries between crop parcels complicate
the annotation process. Even worse, the varying phenologi-
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cal cycles among crops require annotators to meticulously
select appropriate acquisition times for annotation.

To address this, one promising solution is weakly super-
vised semantic segmentation (WSSS), which relies solely on
time-efficient annotation form, i.e., image-level categories.
The image-level WSSS has commonly studied in natural
image domain. Existing methods primarily extract Class
Activation Map (CAM) [57] to generate pseudo labels for
training semantic segmentation models. The intention of
CAM is to identify the regions that highly contribute to the
prediction of each class, revealing the shared patterns among
the images within the same category. In context of natural
images, CAM tends to highlight local discriminative parts
of the target object. The reason is that the dispersed intra-
class distribution enforces the model to learn a extremely
sharp decision boundary, thereby the classifier weights tend
to interact with feature representations within more discrim-
inative object regions, as shown in Fig. la left. Thus the
primary focus of researchers falls into expanding the CAM
to identify the entire object semantics for natural images.

Different from WSSS for natural image, crop mapping for
SITS mainly faces with two challenges: (1) from the spatial
perspective, parcel objects within the same category share
uniform appearance and color, exhibiting strong neighboring
consistency. The intra-class compactness of local patterns
looses the tolerance of the classifier to noise perturbation,
resulting in pronounced over-activation phenomena in CAM,
as shown in Fig. 1a right. The disparate characteristic lead
to the advances in natural image domain cannot directly
benefit the SITS crop segmentation. (2) From the temporal
perspective, although different crops show distinct pheno-
logical cycles and varying characteristics, they may display
similar appearance in some specific periods. This confusion
imbues wrong semantic bias to the learning process of the
model, thereby activating some undesired semantic regions
in CAM. An intuitive illustration is shown in Fig. 1b, the
temporal clips that deviate from the pivotal semantic affect
the perceptual ability of CAM to correct crop regions.

In this work, we present exploring space-time perceptive
clues (Exact), a tailored WSSS framework for crop mapping,
to cope with the challenges arised from the spatial and tempo-
ral aspects respectively. Firstly, we introduce a set of spatial
clues to explicitly capture the patterns of different crops.
Leveraging the filtered CAM as an indicator, we update rep-
resentative clues by conducting spatial clustering from the
most class-relative regions. These clues are then used to
regularize the feature space via optimizing the contrastive
objective, thereby sharpening the decision boundary of the
model and mitigating the perturbations from illusory patterns.
Secondly, to cope with the erroneous semantic bias caused
by anomalous temporal periods, we propose temporal-aware
affinity propagation to emphasize the contributions of pivotal
clips for crop perception. In detail, we extract the temporal-

to-class attention from the model to reweight the temporal
sequence embeddings. The modulated representations can
be used to model temporal-aware pairwise affinity for prop-
agation on the raw CAM, thus effectively suppressing the
undesired semantic regions in a self-supervised manner.
Unlike existing WSSS methods that rely on classifier
weights to generate CAMs, we exploit the well-updated
space-time perceptive clues to derive the clue-based CAMs

(CB-CAMs) as pseudo labels for segmentation. Compared

to the raw CAM, the CB-CAMs (1) remarkably suppress

the perturbations from spatial and temporal aspects, and (2)

delineate the crop regions more precisely, thereby providing

more reliable supervision for the subsequent segmentation.
Our main contributions can be summarized as follows:

* We introduce the WSSS paradigm to SITS crop mapping
task to tackle the daunting annotation challenge. To the
best of our knowledge, this is the first work that relies
solely on image-level categories for crop segmentation.

* To overcome the drawbacks arised from the spatial and
temporal aspects of SITS, we propose Exact that explores
space-time perceptive clues to reduce the noise pertur-
bation and rectify the wrong semantic bias, ultimately
providing reliable supervision for SITS segmentation.

* We experimentally show that Exact achieves impres-
sive performance on common benchmarks. Using Exact-
generated labels for training, SITS segmentation model
attains up to 95% of its fully supervised performance. Our
results significantly advance the upper bound of image-
level WSSS technique compared to the other domains.

2. Related Work

Semantic segmentation on SITS. Automated crop moni-
toring through Satellite Image Time Series (SITS) has at-
tracted great interest among researchers and demonstrated
considerable social impact [14, 22, 23, 33, 36, 43, 44]. One
of the challenging tasks is the semantic segmentation of
agricultural parcels. The goal of the network is to learn a
mapping function that assigns each pixel in the SITS to the
corresponding crop type or background. Some works pro-
cess SITS inputs by first extracting spatial information and
then compressing the temporal dimension. For example, U-
ConvLSTM [32] relied on U-Net [37] architecture to encode
the spatial dimension, followed by a ConvLSTM [42] for the
temporal dimension. Similarly, the FPN-ConvLSTM [34]
replaced the U-Net with a Feature Pyramid Network [29] as
the spatial encoder. U-TAE [20] compressed the temporal
dimension through the outstanding temporal attention mech-
anism [21]. The other option to encode SITS is the temporal-
spatio scheme, which first processes the temporal dimen-
sion and then extracts the spatial information. Ruwurm et
al. [40] employed bidirectional LSTM to extract temporal
features and then used CNNs to integrate spatial informa-
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Figure 2. (a) The training pipeline of Exact. We adopt the Temporal-Spatio scheme to handle the SITS input, which contains two transformer
encoders. The first temporal encoder models interactions between acquisition times, then the followed spatial encoder discards the temporal
dimension and models interactions between spatial positions. To overcome the difficulties arised from spatial and temporal aspects, we
propose two novel technologies in temporal embedding space: (b) Explore Spatial Perceptive Clues to mitigate the noise perturbation (see
§3.2) and (c) Temporal-Aware Affinity Propagation to rectify the wrong semantic bias(see §3.3).

tion. Recently, TSVIT [46] proposed to borrow the powerful
dependency modeling capability of the Vision Transformer
(ViT) [16] to handle SITS, achieving state-of-the-art perfor-
mance at lower computational cost. The TSViT also compre-
hensively illustrated the superiority of the temporal-spatio
scheme. Taking a holistic view, we adopt this scheme to
process SITS, aiming to achieve an optimal trade-off for
automated crop mapping.

Weakly supervised semantic segmentation. Weakly su-
pervised semantic segmentation (WSSS) with image-level
labels (i.e. ground-truth object categories) has shown signif-
icant success in natural images [13, 18, 52, 53, 59]. Most
advanced WSSS methods follow the three-steps pipeline of:
1) training a classification network with image-level labels,
2) obtaining class activation map (CAM) [9, 41, 57] from the
well-optimized classification network as pixel-level coarse la-
bels, 3) replacing ground-truth masks with the pseudo labels
to train a off-the-shelf segmentation model. The objective of
our work focuses on the first and second steps, i.e., how to
generate accurate pseudo labels. Numerous works has been
proposed to address the under- and over-activation issues of
the initial CAM [3, 10, 11, 26, 39, 55] in natural images. To
derive the final pseudo labels, CAM requires cumbersome
post-processing, including random walks [1, 2] and dense-

CRF [25] refinement. Thanks to these excellent works, the
performance of image-level WSSS in natural images cur-
rently achieves 90% of pixel-level supervision. However, the
WSSS networks designed for natural images require signifi-
cant adaptation to be applied to SITS, and the results are still
unsatisfactory due to the distinct data characteristics. In this
work, we incorporate WSSS technique into the SITS and
overcome the difficulties caused by inherent data properties.

3. Method

In this section, we first look more closely at the temporal-
spatio scheme and class activation map technique (§3.1).
Next, we introduce how to explore spatial perceptive clues
(83.2) and conduct temporal-aware affinity propagation
(83.3). Finally, we show the overall objective function and
the clue-based CAM generation strategy of Exact (§3.4). The
training pipeline of Exact is shown in Fig. 2.

3.1. Preliminaries

The temporal-spatio scheme that first processes the tem-
poral dimension and then extracting the spatial information
has shown significant superiority when dealing with SITS
data. Following the TSVIT [46], we use the variant ViT [16]
as the backbone for both temporal and spatial encoders. We
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consider a SITS input X € RT*CXHXW with T the length
of time series, C' the number of channels and H x W the
spatial dimensions. The input X is mapped into a sequence
of patch tokens and reshaped to Z € RN NuwXTxd ywhere
Np, = [4£], Ny = [%] and h x w is the spatial extent for
each patch. We then add the temporal position embeddings
P; € RT*? and concatenate the temporal multi-class to-

kens Z$® € RX*4 (o obtain the input of temporal encoder:

2 = (25,2 + Pr), 2 € RV Nx(3 DX ()

here K denotes the number of categories, Z&}S and P are re-
peated N}, - N, times to match the spatial shape. With the out-
put feature maps Z$" = [Z%"¢|Z"] from the temporal en-
coder, we extract the first K tokens Zde € RNn-NwxKxd
and permute the first and second dimensions to serve as in-
put patch tokens Zg € RE>*Nu-Nuwxd for gpatial encoder.
These inputs are then combined with spatial multi-class
tokens Z¢® € REX1xd and spatial position embeddings
Pg € RVwNuxd g gl K spatial representations:

gl — [chs’ ZS + PS]7 Zlél c RKX(I-‘FNh'Nw)Xd (2)

After the spatial encoder phase, we separate the output fea-
tures ZY" = [Z4°*|Z%™] to align with different down-
stream tasks. For classification task, we feed the global to-
kens ZE* € RE*1%d into the classifier to obtain classi-
fication logits. For segmentation task, to derive the dense
prediction mask, the tokens Zdmse € RE*Nn-Nwxd gre fed
into the segmentation decoder.

Class activation map (CAM) [57] is widely used in WSSS
to provide weak annotations that rely on image-level labels.
Given a natural image, its feature maps F € RH xW'xD
are extracted by a classification backbone. To derive the
classification score, the feature maps are average pooled and
multiplied by the classifier weights w € REX*P CAM is
generated by weighting and summing each channel in the
feature maps with the classifier weights, as follows:

MF* = ReLU (Z wh . F) , YVke K. (3

Following most WSSS methods, we normalize MF to the
range [0,1] and apply a global threshold to filter out back-
ground pixels to obtain final pseudo labels. In the temporal-
spatio network, we feed the dense tokens Zcql?“se and Zfigense
into the classifier and compute the additional classification
loss L3 to supervise the fused raw CAM for SITS. We

cls
provide more details in supplement.

3.2. Explore Spatial Perceptive Clues

CAM filtering. Given an input SITS X and its image-level
label y € [0,1]%, we first compute its normalized fused

CAM M € RNwNuXE by the classifier weights and the
output dense tokens of temporal and spatial encoder. We
use two threshold scores y; and py, to filter out the reliable
foreground, background and uncertatin regions:

0, it M <y,
ignore, otherwise.

Clues clustering. To capture the compact patterns of differ-
ent crops, we establish a group of class-wise representative
prototypes, which later serve as perceptive clues to generate
high-quality pseudo labels. In crop segmentation task, tem-
poral features often provide more information than spatial
context [46], so we choose to perform spatial clustering on
temporal dense embeddings Z%™° over the whole dataset.
Specifically, we build the class-wise positive prototype set
Pros = {Dhos € RV»*4} | and negative prototype set
Preg = {Pheg € RNP*4} |, where N, denotes the number
of prototypes. If k-th class appears in a training batch, we
update the prototypes p* via solving the optimal transport
problem [8, 58]. Given a mapping matrix C* that represents
the assignment between each pixel and its prototype, it can
be referred as an element of the transportation polytope [4]:

C={Ct e RI"M|CFL =, C*T1 =7}, (5)

where N, denotes the number of pixels belonging to class k.
1 represents the vectors of ones in appropriate dimensions, w
and r are the marginal projections onto the rows and columns
of C*. We can maximize the following objective function to
optimize the mapping matrix:

ngc}jre%ize Tr(CkTkakT) -7 Z Cﬁpnk log Cﬁpnk, (6)

np,n ENp, Ny
here Z* € RVx*4 is the corresponding temporal dense em-
beddings belonging to class k, n controls the smoothness
of entropy regularization term. The continuous approximate
solution of Eq. (6) can be obtained through iteratively apply-
ing the Sinkhorn-Knopp algorithm [15]. Subsequently, we
momentum update the n,-th prototype of class k according
to the assignment matrix and the embeddings:
k k -« k 7k
pnp _apnp+ ||C§p||1 (Cnpz )7 (N

here « € [0,1] is the momentum coefficient. We leverage
the fused CAM M as the pseudo labels to update the class-
wise positive prototype set Ppos and 1 — M for the negative
set Ppeg. Notably, each prototype is not involved in gradient
backpropagation to avoid the noise from the classifier.
Clue-based contrastive learning. Based on the spatial per-
ceptive clues, we introduce the clue-based contrastive learn-
ing [7, 12] to regularize the embedding space. More specifi-
cally, for each temporal dense embedding zﬁk and its most
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Figure 3. Visualization of the clue-based CAM generation. This
process is performed after training the classification network.

relative prototype p,’i’p, we adopt the cosine distance to mea-
sure their similarity [24]:

k kT
215 Pn,
S(zk pk )= 8
( n pnp) HZZAH : Hpﬁp”/T ®)

where 7 indicates the temperature parameter. Subsequently,
we enforce the pixel embedding to closely match its proto-
type and be distinct from other prototypes:

Ecbl = Z Z ]]-(log(z €xXp S(zf‘ik ) p)) - S(Zﬁk ) pﬁp))v
ko n pEP™

)
where P~ = {Ppos U Preg \ pflp} and 1(-) is an indicator
function, being 1 if class k appears in image-level labels and
0 otherwise. Minimizing the above objective can pull pixel
embedding closely to the semantic center and push it away
from other illusory patterns, thereby sharpening the model
decision boundary and mitigating the noise perturbation.

3.3. Temporal-Aware Affinity Propagation

In this section, we propose the temporal-aware affinity prop-
agation to cope with the wrong semantic bias arised from
anomalous temporal clips.

Temporal-aware affinity mining. In the temporal encoder,
the input tokens are normalized and projected into query
matrix Q € RUE+T)%d and key matrix K € RE+T)xd
respectively. Then the self-attention A € RUE+T)x(K+T)
with respect to Ny, - N,, sequences is computed as below:

KT
Vd

Without additional computations nor supervision, we can
explicitly extract the temporal-to-class attention A € RT* X
from the self-attention .4, which represents the contributions
of high-level representations to crop recognition at different
temporal clips. We then reweight the temporal sequence
embeddings Z:-9 based on the normalized attention A:

A = softmax( ). (10)

T

Vk - ZA? : (Z;e‘q):,t,n (11)

Intuitively, the modulated high-level representation V¥ €
RN#Nwxd enlarges the variation among different semantic
crops, thereby modeling more precise pixel relations.
Affinity propagation and guidance. After obtaining the
temporal-aware representation V, we conduct affinity prop-
agation to suppress erroneous semantic regions on the raw
CAM. Particularly, the temporal-aware pairwise affinity of
the pixel at position 7 can be estimated as follows:

S(vk, v*
Aff('uf,'u?) = exp(i(vlkv]))7 (12)

jGNi Ui

here oF is the standard deviation of v and A/; indicates
the local receptive fields (e.g., 8-way local neighbors [27]).
We denoise the raw CAM via iteratively propagating the
pairwise affinity from the temporal-aware representation V:

ME =gk Z Aff(vf,v?) -M?, where
JEN;
1
2jen; AL (v, v])

After obtaining the improved activation map, we align the
raw CAM with it to effectively guide the learning process:

13)

oF =

Ly =Y L(MF — M) (14)

k

By minimizing L,,, we can rectify erroneous activations in
the raw CAM and incorporate temporal-aware priors into the
embedding space, ultimately benefiting the perceptive clues.

3.4. Network Optimization and Clue-based CAM
Generation Strategy

As shown in Fig. 2, the whole objective function for training
the classification network consists of four components:

L= »Ccls + ﬁgﬂx + )\1»chl + )\QL:tapa (15)

here L and L3 are the conventional binary cross entropy
loss and \; denotes the weight to rescale the loss terms.
After training process, we perform per-pixel perception
based on the well-updated space-time clues in temporal
dense embedding space to generate clue-based CAMs (CB-
CAMs). For each embedding z; in temporal dense embed-
dings Z$™°, we measure the maximum similarity with the
positive prototypes and minus the misguide activations with
the negative prototypes:

VF = ReLu( max S(zi,p") -
max
k

max S(z;,p7)). (16)
ptep

p-EP;*

If the class & does not appear in a training image, we set V¥
to all zeros. Fig. 3 gives a visualization of this generation
process. Finally, the CB-CAMs ) are filtered using a global
background score to generate the pseudo labels, which are
then used to train the SITS semantic segmentation network.
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Method | Type |  Germany [40] PASTIS [20] Method |Sup.| OA mloU  ratio
\ | OA mloU | OA mloU ConvLSTM [42] 78.2 50.1
MCTFormercver2: [52] 70.6 56.3 66.7 49.6 BiCGRU [40] 80.5 56.2
ViT-PCMecev [38] 66.8 522 69.3 532 FPN-ConvLSTM [34] 81.9 59.5
LP-CAMevess [13] | o | 647 49.1 67.0 50.1 Unet-3D [32] g | 83 60.4 -
TSCDaaaras [54] 68.4 52.7 67.2 51.3 Unet-3Df [45] 82.1 60.2
DuPLcver2s [51] 66.2 50.6 65.5 48.7 U-TAE [20] 82.9 62.4
SeCocver24 [55] 64.5 48.3 63.6 46.1 TSVIiT [46] 83.4 65.1 100%
baseline 82.5 74.1 81.2 69.5 baseline 77.1 577 88%
+PAMRever20 [3] 83.9 76.3 82.0 712 +PAMRcver20 [3] 78.5 587  90%
+TS-CAMicevar [19] STTS 81.1 70.5 80.4 67.6 +TS-CAMicevat [19] | o, | 76.8 56.5  81%
+SIPEcver22 [11] 82.0 73.2 81.5 70.1 +SIPEcver2: [11] 77.1 580 89%
+FPRicevas [10] 82.4 75.6 81.7 71.0 +FPRiccvas [10] 78.2 584  90%
+ours-Exact 88.3 158 80.6 1 6.5 [84.1 2.9 75.6 1 6.1 +ours-Exact 80.31+32 61.8141 95%

(a) Pseudo labels performance of different methods on Germany and PASTIS train set.

(b) Segmentation performance trained with pseudo labels gene-
rated by different methods on PASTIS test set.

Table 1. Comparisons with existing WSSS methods in OA(%) and mIoU(%). RGB: the networks designed for processing natural
images. SZT'S: the networks designed for processing SITS (include four adapted modules from natural image domain). G: various SITS
segmentation networks supervised by ground-truth labels. P: the TSViT segmentation model supervised by different pseudo labels from the
methods in SZTS. The ratio refers to the proportion of mloU between fully supervised and weakly supervised of TSViT segmentation.

4. Experiments

4.1. Experimental Setup

Datasets & evaluation metric. We conducted comprehen-
sive experiments on two widely used Satellite-2 time series
crop recognition datasets to validate the effectiveness of our
approach quantitatively. The PASTIS dataset [20] contains
2433 multi-spectral time series of size 128 x 128, each series
including 10 bands and 33 to 61 temporal observations. It
consists of 18 crop types and a background category. Fol-
lowing the settings of [46], we used the fold-1 among the
five folds provided in PASTIS. We partitioned each sample
into multiple patches and assigned category labels accord-
ing to the mask annotations (see the supplement for details).
The Germany dataset [40] comprises 137k field parcels of
time series imagery with 13 spectral bands. Each series con-
tains 36 observations and is labeled with 17 crop types. We
employed the mean Intersection over Union (mloU) and
pixel-wise overall accuracy (OA) as evaluation metrics, both
widely used to measure segmentation performance.

Implementation details. The classification network was
trained on 8§ NVIDIA RTX 3090 GPUs with batch size 8 for
15k iterations. During the training stage, we used the AdamW
optimizer [30] with an initial learning rate of le-3 and cosine
weight decay [31]. As the raw CAM were unreliable in early
iterations, the gradients of L., were backpropagated after
the 4k iteration. For the raw CAM filtering, the threshold
score (47, pp,) was set to (0.2,0.4). Due to the compact intra-
class patterns, we set the number of class-specific prototypes
N, to 2, and the momentum used to update the prototypes
was set to 0.999. Moreover, the other hyper-parameters 1,
A1, A2 and 7 were empirically set to 0.05, 0.01, 0.015 and

0.1, respectively. We employed the original TSViT with a
segmentation decoder as the semantic segmentation model
for SITS. The training details of the segmentation model ex-
actly followed the settings in [46] without any modifications.
Please refer to supplementary materials for more details.

4.2. Experimental Results

Base Architectures. In the evaluation stage, we fuse the raw
CAMs generated by the spatial dense embeddings Z%e“se and
temporal dense embeddings ZdTense as our baseline.

4.2.1. Comparison with other WSSS Methods on CAMs.

The key of the weakly supervised learning is to provide
reliable training pseudo labels for segmentation network.
Thus, we conducted comparative experiments on the train
splits to validate the quality of pseudo labels.

Competing methods adaptation. We reimplemented six
well-performing transformer-based WSSS methods designed
for natural images as competing methods. To accommodate
the temporal dimension, we transformed the input dimen-
sions of SITS into a 3D format (7" x C, H, W) for these
methods. In addition, to enable a fairer comparison between
Exact and existing WSSS works, we carefully selected four
off-the-shelf modules from other WSSS methods in the nat-
ural image domain and adapted them to the temporal-spatio
framework. These modules were also reimplemented within
the temporal dense embedding space to align with our ap-
proach. We attempted various adaptation strategies, more
details and analysis available in supplementary materials.
Quantitative results. Tab. 1a presents the mIoU and OA of
the pseudo labels generated by other WSSS methods and
our Exact. As can be seen, the WSSS methods designed for
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Method | Lon Lup CB-CAM | Recall OA mloU
baseline 81.1 81.2 69.5
v 81.8 824 723

v v 825 830 734

ours-Exact | v/ v 4 848 84.1 756

Table 2. Ablation study results of different components. The
baseline is a setting with only image-level classification loss.

Method ‘Spa. Tem. ‘Recall Precision OA mloU
v 81.9 784  80.5 66.7

v | 808 816 810 683

baseline CAM | ¢ ¢ | 81.1 835 812 69.5

Table 3. Baseline CAMs from different embedding spaces. Over-
all, the fused CAM shows the best performance.

Method ‘ Low. Ta. ‘ Recall Precision OA mloU
baseline 81.1 83.5 81.2 69.5

v 80.9 84.0 81.1  69.9
ours-Exact v | 818 856 824 723

v v | 817 852 820 718

Table 4. Impact of modeling affinity from different sources. Low.
and Ta. refer to low-level cues and temporal-aware affinity. The
temporal-aware affinity remarkably reduces noise.

natural images only achieve a maximum 53.2% mloU (refer
to PASTIS) with the limited encoding capability for SITS.
Furthermore, due to the distinct data characteristics, the off-
the-shelf modules struggle to perform well on SITS, and may
even disturb the learning process. These phenomena indicate
that the advancements in natural image cannot be directly
translated to benefit the SITS domain. By contrast, our Exact
overcome the intrinsic challenges from SITS, delivering the
best performance compared to others.

4.2.2. Segmentation results trained by pseudo labels.

After obtaining the pseudo labels, we use them as replace-
ment for ground truth to train the SITS semantic segmenta-
tion network. We employ TSViT followed by a segmentation
head as our segmentation model, which is the top-performing
approach in fully supervised oracles.

Quantitative results. In Tab. 1b, we show that the semantic
segmentation model can achieve 95% to its fully supervised
performance (refer to mloU) using pseudo labels generated
by Exact. Our best results are 80.3% OA and 61.8% mloU
on PASTIS test set, which surpasses the baseline by 3.2%
and 4.1%, respectively. The experiment results quantitatively
imply that the labels quality outperforms other methods by a

- AN J

(a) baseline (b) ours- Exact

Figure 4. Visualization of temporal feature spaces on PASTIS
train set. The feature dimensions are reduced by t-SNE [48].
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Figure 5. Effect of the hyper-parameters. (a) the number of class-
specific prototypes N,,. (b) the temperature of similarity 7.

large margin. In contrast, WSSS networks in natural image
have undergone a series of evolutions to barely achieve 90%
of fully supervised performance. This suggests that SITS
WSSS techniques offers greater potential in SITS scenario.

4.3. Ablation Studies

In this section, our primary purpose is to demonstrate the col-
lective effectiveness of all components within our approach.
We also choose the fused raw CAM as the baseline, and the
CAM comparison results reported on PASTIS train set.

All the components matter. Our Exact consists of several
components, including spatial perceptive clues exploration,
temporal-aware affinity propagation and clue-based CAM
generation strategy. We validate the contribution of each
module, the results are presented in Tab. 2. We can see that
the clue-based contrastive learning L, and the temporal-
aware affinity propagation L, improves the performance
by 1.8% OA and 3.9% mloU, respectively. This suggests
that these two modules complement each other, regularizing
the entire embedding space and ultimately sharpening the
decision boundary. We provide an intuitive comparison in
Fig. 4, after introducing both objectives, the intra-class fea-
tures become more compact while the inter-class features are
more separated. Besides, using the well-updated space-time
clues to generate CAM (i.e., CB-CAM) within the tempo-
ral dense embedding space brings a further improvement of
2.3% recall, 1.1% OA and 2.2% mloU.

Baseline CAM from different embedding spaces. In Tab. 3,
we investigate the performance of the raw CAMs derived
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Segmentation Results

Figure 6. Qualitative comparisons. Left: CAMs comparisons on PASTIS frain set. The stars represent the corresponding activation category.
Right: Outputs of segmentation models trained with different CAMs on the PASTIS test set.

from different dense embedding spaces. The raw CAM ob-
tained from the spatial dense embeddings Z&™e falls sig-
nificantly behind that obtained from the temporal dense
embeddings Z%?“Se in terms of precision, OA and mloU.
It demonstrates that the temporal correlations contain more
critical information compared to the spatial context in this
task. We combine the CAMs from both embedding spaces as
our baseline (the last row in Tab. 3) and utilize the resulting
pseudo labels to guide spatial clustering.

Effect of the temporal-aware affinity. Mining low-level
cues affinity (e.g., color and intensity) as additional guid-
ance is prevalent in natural images. We also attempted to
incorporate the low-level cues to model pairwise affinity in
SITS, the results can be found in Tab. 4. Compared to our
proposed temporal-aware affinity, modeling low-level cues
offers only limited improvement. This is due to the presence
of substantial noise interference within the low-level cues
of SITS (e.g., cloud cover and shadow). In contrast, our ap-
proach highlights the contributions of pivotal temporal clips
within a high-level embedding space, effectively mitigating
the wrong semantic bias.

Effect of the hyper-parameters. Fig. 5 shows the effects
of the prototype number N, and the temperature 7. No-
tably, utilizing only a minimal number of prototypes (i.e.,
N, = 2) yields optimal result, whereas increasing the num-
ber of prototypes beyond this point brings negative impact
on the model. This indicates that the excessive number may
enforce prototypes to focus on local discriminative patterns
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within the class, leading to under-activation issue (the major
difficulty in natural image). More analysis of parameters is
specifically discussed in supplementary materials.

4.4. Qualitative Results

Fig. 6 presents the visual comparison between the baseline
TSVIiT-CAMs and the proposed CB-CAMs generated by
Exact on PASTIS dataset. The first five columns show the
visualization of the CAMSs. As we can see, our method re-
markably suppress the erroneous regions, whose shape is
closer to ground truth masks than baseline. Our high-quality
pseudo labels subsequently enhance the segmentation per-
formance compared to the baseline, as shown in last three
columns. However, Exact still exhibits limitations in edge
processing, which will be the focus in our future work.

5. Conclusion and Broader Impact

In this paper, we propose a tailored WSSS approach Ex-
act to alleviate the daunting annotation challenge in SITS
crop mapping task. Exact explores space-time perceptive
clues to capture the essential patterns of different crop types,
thereby overcoming the issues of spatial noise perturbation
and wrong temporal semantic bias. Extensive experiments
show the superiority of Exact-generated masks both quanti-
tatively and qualitatively. We believe that our method marks
a pioneering step in effectively applying WSSS technologies
to SITS. If follow-up work can find and resolve the limita-
tions under our framework, there is great potential that only
image-level labels are needed for crop mapping in the future.
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