
 

 
 

   
eISSN 3107-099X Data Engineering and Applications Vol.1, No.1, 2022 

 

 
Conditional Diffusion Model-Based Data Augmentation for Crop Mapping 
Using Sentinel-2 Time Series Images 
 
Lucian Stoica1, *, Octavian Dragomir1 and Florin Mihăilescu1 

1 Faculty of Electronics, Telecommunications and Information Technology, Politehnica University of Bucharest, Bucharest, 
060042, Romania 
*Corresponding author: lucian.st@etti.upb.ro 
 

Abstract. The existing inventory status and the amount that suppliers have recently contributed in response to shifts in 
demand and safety stock requirements must be taken into account via automatic replenishment. Abnormal stock behaviour 
cannot be promptly identified since many businesses still utilise static inventory sheets, segregated ERP reports, and delayed 
manual analysis. A real-time KPI dashboard for automatic replenishment inventory performance monitoring is proposed in 
this research. Calculate critical operating metrics including stockout risk, deviation from safety stock, inventory turnover rate, 
order fulfilment rate, and replenishment delay by integrating the data streams of inventory, sales, replenishment, suppliers, 
and demand. KPI trends, anomalous warning signals, and replenishment bottleneck diagnostics are shown in a visual decision 
layer. Experimental Analysis of Warning Response Time, Decision Accuracy, and Monitoring Efficiency in Different Dashboard 
Configurations. The suggested dashboard has enhanced stockout warning accuracy from 82.6% to 91.4%, decreased 
abnormal reaction time from 46.8 minutes to 18.5 minutes, and raised replenishment decision consistency by 13.2%. As a 
result, the new KPI display will be accessible sooner and function as an impartial standard for intelligent inventory control. 
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Introduction 
Due to the two-satellite constellation's five-day revisit cycle, frequent multi-spectral observations at 10–20 m 
spatial resolution, and spectral bands that are extremely sensitive to canopy greenness, water content, red-edge 
response, and soil background, Sentinel-2 image time series have been widely used as data sources for crop 
mapping. The research of planting structures, irrigation planning, crop rotation analysis, food security 
assessment, disaster loss calculation, and regional agricultural policy evaluation are all supported by crop maps 
derived from the observations. Unlike single-date images, time-series data can explain how phenology evolves 
over time from emergence and vegetative development to blooming, senescence, and harvest. Currently, it is 
possible to identify between the areas of various crops, including wheat, corn, soybean, rice, rapeseed, cotton, 
orchards, and vegetables, due to their distinct spectral signatures. Recent research has demonstrated that 
seasonal variations, rather than only variations in static reflectance, are responsible for the enhanced crop 
discrimination of satellite image time series [1]. For the operationally cropped monitoring of multi-date Sentinel-
2 data arranged into coherent phenological sequences, deep temporal classifiers have also demonstrated great 
potential [2]. However, because yearly field surveys are costly and sometimes only cover a tiny percentage of 
the cultivated area, large-scale agricultural mapping also increasingly requires models that are portable between 
regions and years [3]. 

Sentinel-2 crop mapping is not yet extensively utilised in practice, despite the benefits. Some or all of the data 
may be absent or incorrect at crucial periods for phenology due to cloud cover, atmospheric changes, unusual 
collecting timings, snow, or fog. Each crop has a different degree of this modification. Minority crops may be 
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dispersed over parcels and have incomplete observation sequences, while dominant crops often have a high 
number of samples and consistent seasonal trends. Because of the factors, supervised models frequently prefer 
the major categories and are unable to differentiate between crops that are phenologically similar [4]. Although 
the number of samples has risen, the earlier augmentation techniques—random jittering, temporal cropping, 
spectral noise injection, and mixup—may have altered crop phenology if they were not implemented in 
compliance with agricultural limitations [5]. Although temporal convolutional networks and recurrent networks 
are capable of modelling sequential data, their effectiveness is susceptible to missing dates and a deficiency of 
minority samples [6]. Although transformer-based models may overfit the regional acquisition features and 
often require more labelled data, they can expand the scope of long-term reliance [7]. The training distribution 
can be expanded using generative models, but the produced samples must have spectral-temporal consistency; 
otherwise, the augmentation may include false crop trajectories and reduce classification accuracy [8]. In vision 
and sequence modelling, diffusion models have recently demonstrated robust distribution learning and 
controllable generation, providing a viable path for augmenting remote sensing under situations of inadequate 
data [9]. 

The focus of this work is a data-augmented Diffusion Model for crop mapping of Sentinel-2 image time series. 
Realistic spectral-temporal sequences are produced for crop kinds that are either partially or infrequently 
observed, and crop phenology is typically described as a conditional temporal distribution. Here, a crop-mapping 
goal and diffusion-driven temporal sample augmentation are used to a rather robust Sentinel-2 sequence model 
to achieve high accuracy and class-level resilience while preserving temporal consistency. Three technical issues 
have been addressed: restricted cross-region generalisation due to varied phenology, unstable categorisation 
resulting from a lack of data, and inadequate representation of minority crop groups. Instead of producing 
visually plausible but agronomically incorrect sequences, the model will provide effective training examples by 
including crop labels, observation masks, and phenological phase information into the diffusion process. 

Related Work 

Satellite Image Time-Series Classification for Crop Mapping 

Deep temporal representation learning has replaced manual spectral index analysis in crop mapping of satellite 
image time series. The first operating system made use of support vector machines, random forests, threshold 
rules, and vegetation index trajectories. Although the techniques are rather easy to apply and understand, their 
effectiveness will suffer in regions with disparate crop calendars or in situations where cloud-free photos are 
unavailable during the crucial growth phase. Deep learning has been employed increasingly often for crop 
categorisation to concurrently learn spectral, temporal, and contextual characteristics as the Sentinel-2 archive 
has grown. For parcel-level classification, Temporal Convolutional Networks are computationally efficient and 
extract local phenological segments [10]. Recurrent networks, like LSTM and GRU models, can learn the crop 
growth sequence, but when the input window is lengthy or there are missing dates, they may lose knowledge 
about distant links in the data [11]. Attention-based models have been applied to raw optical satellite time series 
and are better able to concentrate on discriminative phenological periods [12]. By summarising geographical 
information prior to temporal modelling, pixel-set and parcel-level encoders lessen the susceptibility to noisy 
individual pixels [13]. Sentinel-1 and Sentinel-2 multi-source fusion has also been employed to decrease cloud 
interference and enhance classification accuracy [14]. 

This is an issue since crop time series are irregular sequences. Planting time, kind, irrigation, management, soil-
water content, and area all have an impact on the temporal pattern. Different crops may have comparable 
normalised difference vegetation index curves for a while, and the same crop may peak earlier in one region 
than in another. Consequently, rather of learning fixed calendar locations, the time-domain classifier should 
learn phase-invariant representations. To solve this problem, several studies have implemented parcel-level 
aggregation, temporal attention, or phenology-aware feature extraction [15]. However, the variety and balance 
of labelled training data continue to have a significant impact on the model's performance. Certain crop 
classifications are uncommon or geographically concentrated, and field labels are frequently gathered from a 
limited number of survey regions. The deep temporal model could only learn a few crop signals and be unable 
to generalise if the training set is too limited. Due to their significant intra-class variability and dearth of marked 
parcels, the categories of vegetables, orchards, mixed crops, and minor oilseeds are most affected [16]. 
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Diffusion-Based Data Augmentation and Robust Learning 

The model's performance will be enhanced by data augmentation because to the limited quantity of training 
data. Geometric changes, spectral perturbations, temporal masking, sample interpolation, and generative 
synthesis are examples of augmentation in remote sensing. Crop map expansion must adhere to agricultural 
laws. For a regional phenological delay, a random time shift could be appropriate, but if it shifts the harvest-
season reflectance to the early-growth phase, it will be detrimental. Red-edge and short-wave infrared 
characteristics used for crop distinction will be obscured by excessive noise, however adding spectral noise will 
increase the resilience to spectral noise. Therefore, class-aware and phase-aware techniques are required for 
remote sensing augmentation instead of only image-level perturbations [17]. Although the training of 
Generative Adversarial Networks can be unstable and the produced distribution may collapse around visually 
dominating patterns, these networks have been used for class balancing and the synthesis of remote-sensing 
pictures [18]. Although variational approaches are more consistent, they may provide over-averaged sequences 
that erode class distinctions. Diffusion models, which often have more stable training and greater coverage of 
complicated distributions, provide an alternative by learning a progressive denoising process from noise to data 
[19]. 

For the Sentinel-2 time-series data, diffusion-based augmentation works well, and weak or missing observations 
may be handled as a conditional generation issue. Use crop labels, observation masks, regional phenological 
phases, and accessible spectral data as the conditions instead of creating random crop samples. As a result, 
samples for the under-represented regions of the feature space may be produced while preserving the temporal 
continuity of the real world. Denoising targets can learn fine-grained distribution patterns, according to recent 
diffusion studies in image production, restoration, and time-series modelling [20]. In order to generate a larger 
dataset, crop mapping needs additional samples for diffusion. Additionally, it needs to regularise the classifier 
in order to identify realistic variances within each crop group. The classifier will be less sensitive to perfect and 
full data if the produced sequences include overcast days, delayed planting, and relatively minor spectral 
fluctuations [21]. Verify the accuracy of the produced samples as well. Diffusion generation, spectral-temporal 
consistency requirements, class-balanced sampling, and robust crop classification will therefore be used to solve 
the issue. 

Methodology and Experimental Evaluation Framework 

Robust Sentinel-2 Sequence Modeling 

Create a robust Sentinel-2 sequence in the suggested framework first. Blue, green, red, near-infrared, red-edge, 
short-wave infrared, NDVI, EVI, NDWI, and red-edge normalised difference characteristics are all included in 
each monthly composite spectral-temporal sequence. There will be 24 observation slots in the research area 
encompassing post-harvest land-cover changes, winter crop growth, and summer crop development from 
March of the first year to February of the subsequent year. Unreliable observations are marked instead of 
completely eliminated using cloud probability and scene categorisation masks. After eliminating overcast days, 
this is necessary to prevent an unevenly short sequence and phenological misunderstanding. The preprocessing 
framework and stable Sentinel-2 sequence model are shown in Figure 1. The raw Sentinel-2 observations, cloud 
and shadow screening, parcel-level spectral aggregation, temporal interpolation, mask encoding, phenological 
phase embedding, and normalised sequence output should all be displayed in the image. 

For parcel i at time t, the observed spectral vector is denoted by xi, t and the binary reliability mask is denoted 
by mi, t. A mask-aware temporal representation is first formed by combining observed reflectance, vegetation 
indices, and reliability information. 

𝑧𝑧𝑖𝑖,𝑡𝑡 = 𝑊𝑊𝑠𝑠𝑥𝑥𝑖𝑖,𝑡𝑡 + 𝑊𝑊𝑚𝑚𝑚𝑚𝑖𝑖,𝑡𝑡 + 𝑊𝑊𝑝𝑝𝑝𝑝𝑡𝑡 Eq.(1) 
Here 𝑝𝑝𝑡𝑡  is the phenological phase embedding of the acquisition slot. This embedding is not a simple date index; 
it is learned from normalized growing-degree accumulation and regional crop calendar information. In the 
implementation, the phase dimension is 16, while the spectral-index input dimension is 10. The projected 
sequence dimension is set to 128, which provides enough capacity for class separation without making the 
diffusion generator unnecessarily heavy. 
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𝑥𝑥�𝑖𝑖,𝑡𝑡 = 𝑚𝑚𝑖𝑖,𝑡𝑡𝑥𝑥𝑖𝑖,𝑡𝑡 + �1 −𝑚𝑚𝑖𝑖,𝑡𝑡�Φ�𝑥𝑥𝑖𝑖,𝑡𝑡−1, 𝑥𝑥𝑖𝑖,𝑡𝑡+1� Eq.(2) 

The imputed observation is obtained only for model input stability. The mask remains visible to the network so 
that interpolated values are not treated as fully reliable measurements. In the dataset, 17.8% of parcel-date 
observations are affected by cloud, shadow, or low-quality atmospheric correction, so preserving the mask is 
essential. 

 
Figure 1. Robust Sentinel-2 sequence modeling and preprocessing framework 

 
𝜌𝜌𝑖𝑖,𝑡𝑡 = exp�−𝜂𝜂�𝑥𝑥𝑖𝑖,𝑡𝑡 − median�𝑥𝑥𝑖𝑖,𝑡𝑡−2:𝑡𝑡+2���𝑚𝑚𝑖𝑖,𝑡𝑡 Eq.(3) 

The reliability score downweights sudden spectral deviations that are inconsistent with the short temporal 
neighborhood. 𝜂𝜂 is initialized as 0.35 and optimized during training. This score helps distinguish a real harvest-
induced reflectance change from residual cloud contamination. 

ℎ𝑖𝑖,𝑡𝑡 = 𝜎𝜎�𝑊𝑊𝑟𝑟�𝑧𝑧𝑖𝑖,𝑡𝑡 ⊕ 𝜌𝜌𝑖𝑖,𝑡𝑡�� ⊙ tanh�𝑊𝑊ℎ𝑧𝑧𝑖𝑖,𝑡𝑡� Eq.(4) 

The gated representation serves as the input to both the diffusion augmentation module and the crop mapping 
classifier. Preliminary validation showed that using the reliability gate improves macro-F1 by 2.3 percentage 
points compared with direct temporal interpolation. 

Diffusion-Driven Temporal Sample Augmentation 

Rather of creating generic photos, the Diffusion module will create crop-specific Sentinel-2 temporal sequences. 
Crop labels, phenological phases, observation masks, and regional agroclimatic codes are the input conditions. 
The forward noising procedure, conditional denoising network, crop-label embedding, mask-aware temporal 
condition, spectral-temporal consistency control, and augmented training pool are all part of the diffusion-
driven temporal sample augmentation approach shown in Figure 2. 
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Figure 2. Diffusion-driven temporal sample augmentation workflow 

The forward diffusion process gradually injects Gaussian noise into the normalized crop sequence. For the 
original sequence, the noisy state at diffusion step 𝜏𝜏 is written as follows. 

𝑦𝑦𝑖𝑖,𝜏𝜏 = �𝛼𝛼‾𝜏𝜏ℎ𝑖𝑖 + �1 − 𝛼𝛼‾𝜏𝜏𝜖𝜖 Eq.(5) 

The cumulative noise coefficient follows a cosine schedule with 800 diffusion steps. This schedule was selected 
because Sentinel-2 crop sequences are smoother than natural images, and a very aggressive linear schedule 
removed phenological peaks too quickly in early trials. 

𝑐𝑐𝑖𝑖 = 𝐸𝐸𝑦𝑦(𝑦𝑦𝑖𝑖) ⊕ 𝐸𝐸𝑚𝑚(𝑚𝑚𝑖𝑖) ⊕ 𝐸𝐸𝑝𝑝(𝑝𝑝) ⊕ 𝐸𝐸𝑟𝑟(𝑟𝑟𝑖𝑖) Eq.(6) 
The condition vector concatenates label, mask, phase, and region embeddings. This conditional design allows 
the generator to produce wheat sequences with delayed greening, rice sequences with flood-sensitive water-
index behavior, or vegetable sequences with multiple growth cycles. 

𝜖𝜖𝜃𝜃 = 𝐷𝐷𝜃𝜃�𝑦𝑦𝑖𝑖,𝜏𝜏, 𝜏𝜏, 𝑐𝑐𝑖𝑖� Eq.(7) 

The temporal denoising network predicts the noise component rather than the clean sequence directly. This 
choice stabilizes training because the denoising residual has a more regular distribution than raw reflectance 
values. 

𝐿𝐿𝐷𝐷 = 𝔼𝔼‖𝜖𝜖 − 𝜖𝜖𝜃𝜃‖22 Eq.(8) 
The diffusion loss minimizes the error between the injected noise and predicted noise. During training, crop 
categories with fewer than 1,500 labeled parcels are sampled with a class-balanced probability. Soybean, 
vegetable, orchard, and rapeseed categories benefit most from this balancing strategy. 

𝑠𝑠𝑖𝑖 = ‖Δ𝑡𝑡ℎ𝑖𝑖 − Δ𝑡𝑡𝑔𝑔�𝑖𝑖‖1 + 𝛽𝛽‖𝐵𝐵ℎ𝑖𝑖 − 𝐵𝐵𝑔𝑔�𝑖𝑖‖2 Eq.(9) 
The consistency score compares the temporal derivative and spectral-band structure of the generated sequence 
with the observed crop distribution. 𝛽𝛽 is set to 0.45. Generated samples with consistency scores higher than the 
85th percentile should be excluded. 

𝑔̂𝑔𝑖𝑖,𝜏𝜏−1 =
1

�𝛼𝛼𝜏𝜏
�𝑦𝑦𝑖𝑖,𝜏𝜏 − 𝛾𝛾𝜏𝜏𝜖𝜖𝜃𝜃� + 𝜎𝜎𝜏𝜏𝜉𝜉 Eq.(10) 

Reverse sampling reconstructs the augmented crop sequence step by step. Each minority class is augmented 
until its effective sample size reaches 65% of the largest class rather than forcing perfect balance. 
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Crop Mapping Objective and Evaluation Protocol 

The crop mapping classifier receives both observed and diffusion-augmented sequences. A temporal attention 
layer selects discriminative growth stages, and a compact classification head produces parcel-level crop 
probabilities. The model is trained on 70% of labeled parcels, validated on 10%, and tested on 20%. Spatial 
blocking is used during splitting so that neighboring parcels from the same village are not simply distributed 
across training and test sets. 

𝑢𝑢𝑖𝑖 = �  
𝑡𝑡

softmax �𝑣𝑣𝑇𝑇tanh�𝑊𝑊𝑎𝑎ℎ𝑖𝑖,𝑡𝑡�� ℎ𝑖𝑖,𝑡𝑡 Eq.(11) 

The attentive parcel representation summarizes the sequence according to discriminative temporal slots. For 
winter wheat, attention usually concentrates on spring greening and early summer senescence. For rice, the 
water-index response after transplanting and the near-infrared peak during canopy closure are more important. 

𝐿𝐿𝐶𝐶 = −�  
𝑖𝑖

𝜔𝜔𝑦𝑦log 𝑦̂𝑦𝑖𝑖,𝑦𝑦𝑖𝑖 Eq.(12) 

The classification loss uses class weights derived from the inverse square root of class frequency. This milder 
weighting improves minority crop recall without heavily sacrificing dominant crop precision. 

𝐿𝐿𝑇𝑇 = ‖𝐴𝐴(ℎ𝑖𝑖) − 𝐴𝐴(𝑔𝑔�𝑖𝑖)‖22 + 𝜅𝜅‖𝑢𝑢𝑖𝑖 − 𝑢𝑢�𝑖𝑖‖22 Eq.(13) 
The temporal consistency loss aligns attention distributions and parcel embeddings between real and generated 
sequences from the same crop class. 𝜅𝜅 is set to 0.30. This term encourages the model to learn crop-relevant 
variation rather than treat generated samples as unrelated noise. 

𝐿𝐿 = 𝐿𝐿𝐶𝐶 + 𝜆𝜆1𝐿𝐿𝐷𝐷 + 𝜆𝜆2𝐿𝐿𝑇𝑇 + 𝜆𝜆3‖𝜃𝜃‖22 Eq.(14) 
The final optimization objective combines supervised classification, diffusion denoising, temporal consistency, 
and weight regularization. The coefficients are 𝜆𝜆1 = 0.35, 𝜆𝜆2 = 0.20 , and 𝜆𝜆3 = 1.0 × 10−4 . Training uses 
AdamW with an initial learning rate of 0.0003, batch size 128, and early stopping after 20 epochs without 
validation macro-F1 improvement. 

Results and Discussion 

Classification Accuracy and Crop-Level Recognition 

The generalisation ability and class balance have typically been enhanced by diffusion-based temporal 
augmentation. The suggested model has an overall accuracy of 94.7%, a macro-F1 of 92.8, and a Kappa of 0.931 
on the blocked test set, as seen in Figure 3. The general accuracy of random forest, temporal CNN, BiLSTM, 
Transformer, conventional augmentation, and the suggested model is displayed in Figure 3(a); the strongest 
baseline was 91.9%, and the suggested model raised this by 2.8 percentage points. Macro-F1 is displayed in 
Figure 3(b), and because of the created temporal samples, the rise is comparatively greater for minority crops. 
The Kappa coefficient, which is shown in Figure 3(c), is seen to have better agreement than chance as it is more 
than 0.5. Soybean, vegetable, orchard, and rapeseed all have comparatively good per-class accuracy, as seen in 
Figure 3(d). The outcomes support the findings in that crop discrimination in satellite image time series is 
significantly impacted by the quality of temporal representation [22]. 

Confusion analysis will reveal the causes of the increased precision. The confusing features of crops with 
comparable phenological phases are shown in Figure 4. Wheat-barley confusion is depicted in Figure 4(a), and 
because the model can now identify minute variations in senescence timing, the error rate has decreased from 
8.6% to 4.1%. The corn-soybean misunderstanding is seen in Figure 4(b); the suggested approach has decreased 
bidirectional misclassification by 5.7 percentage points. Additionally, the class weights are not to blame. Wider, 
yet crop-consistent, decision areas may be established by the classifier thanks to generated samples, which also 
broaden the temporal feature distribution of weak classes. The parcel label does not have to list every variety, 
planting date, and other cultivation conditions [23]. 
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Figure 3. Crop classification accuracy comparison. (a) Overall accuracy comparison. (b) Macro-F1 comparison. (c) Kappa coefficient 

comparison. (d) Per-class accuracy comparison. 

 
Figure 4. Confusion behavior under similar phenological patterns. (a) Wheat-barley confusion. (b) Corn-soybean confusion. 
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Diffusion Augmentation and Feature Robustness 

The amplification effect is seen in Figure 5. The distribution of the original training samples is shown in Figure 
5(a). Together, wheat and maize make up 46.2% of the tagged parcels; soybean, vegetable, orchard and 
rapeseed are very minor. The distribution following diffusion augmentation is shown in Figure 5(b); the weak 
category has grown to include 61.5%–66.8% of the biggest class and is neither unduly unbalanced nor over-
represented. Feature separability is seen in Figure 5(c); following diffusion-augmented training, the inter-class 
margins are more distinct and the intra-class clusters are tighter than those produced by conventional temporal 
jittering. The improvement in minority-class recollection is seen in Figure 5(d); remember for vegetables rose 
from 78.9% to 88.6%, while recall for orchards grew from 80.3% to 89.1%. Classes with a somewhat predictable 
phenological trajectory that can still be conditionally created but have few observed samples benefit the most 
[24]. 

 
Figure 5. Diffusion augmentation effect on temporal feature learning. (a) Sample distribution before augmentation. (b) Sample distribution 

after augmentation. (c) Feature separability comparison. (d) Minority-class recall improvement. 
 

Robustness under incomplete Sentinel-2 observations is evaluated by masking 10%, 20%, and 30% of valid 
temporal slots. Figure 6 summarizes the result. Figure 6(a) presents performance under missing observation 
ratios and shows that the proposed model loses only 2.1 percentage points at 20% missing slots, while the 
Transformer baseline loses 5.8 percentage points. Figure 6(b) describes cloud-masking disturbance, where 
unreliable summer observations cause the largest degradation for corn and soybean, but the proposed model 
remains more stable because masks are explicitly encoded and diffusion samples include incomplete-sequence 
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variants. This result supports the idea that augmentation should reproduce realistic data-quality problems, not 
only increase clean sample quantity [25]. 

 
Figure 6. Robustness under incomplete Sentinel-2 sequences. (a) Missing observation ratio. (b) Cloud-masking disturbance. 

Cross-Region Mapping and Efficiency Analysis 

Figure 7 displays cross-year and cross-region trials. Cross-region transfer accuracy from the source agricultural 
plain to the two neighbouring regions is depicted in Figure 7(a); traditional augmentation is less than 88.0% in 
both regions, while the suggested model achieves 91.5% and 90.8%. Cross-year generalisation is shown in Figure 
7(b); the accuracy reduction under a shifted planting calendar is 3.2 percentage points, less than the 6.7 
percentage-point drop for BiLSTM. The inference delay is displayed in Figure 7(c). On an RTX-class workstation, 
the suggested model has a latency of 21.6 ms per parcel batch following offline augmentation. As a result, the 
diffusion model is appropriate for yearly or seasonal crop mapping operations, has little effect on deployment 
inference, and is quite costly to train [26]. 

These components have distinct purposes, according to the ablation experiment. Because the remaining cloud 
observations are regarded as legitimate spectral alterations, macro-F1 drops by 1.9 percentage points in the 
absence of the reliability gate. The produced samples are not redundant since the recall of minority crops is 
decreased by 7.4 percentage points in the absence of diffusion augmentation. The feature clusters are less 
compact and the wheat-barley confusion rises in the absence of temporal consistency loss. Diffusion generators 
are more stable but need more time to train than GAN-based augmentations; after five runs, macro-F1's 
standard deviation was 0.31 percentage points, compared to adversarial augmentation's 0.86 percentage points 
[27]. In terms of applications, this approach is more suited for mapping areas with recurrent cloud pollution and 
unbalanced labelled crop samples. The benefit will be minimal if a large number of labels and cloud-free 
sequences are available, but resilience to missing observations is still required [28]. The observed improvement 
is in line with the findings of remote sensing studies showing, in situations when training labels are few, 
regularised decision limits are necessary for high-dimensional temporal characteristics [29]. By exposing the 
classifier to nearby phenological variations, diffusion augmentation provides a stabilising effect akin to self-
ensembling in feature visualisation [30]. According to hyperspectral and multispectral classification studies, class 
separation frequently necessitates nuanced band interactions rather than a single dominating index, which is 
also consistent with the increase for the vegetable and orchard categories [31]. It can be deduced from the 
general remote sensing research that the suggested approach is part of the larger trend of replacing manually 
created temporal descriptors with learnt representations [32]. Because process variation must be represented 
without deviating from the model's fit to real crop development, this is also appropriate for Earth Observation 
applications [33]. Additionally, rather than being employed as an uncontrolled black box, the experiment 
demonstrates that deep learning works best when paired with domain restrictions and data-driven learning [34]. 
Robustness analysis suggested that Sentinel-1 radar or climate data may be used in a future cloud-season 
mapping investigation, even though multi-source fusion was not the primary focus of this article [35]. The 
behaviour of the model in the presence of noise is similar to previous fusion experiments that use 
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complementary data to minimise uncertainty in spatially diverse locations [36]. In order to stop deep models 
from overfitting to certain spectral bands by ignoring correlations, band-relation restrictions have also been 
included in several previous hyperspectral classification experiments [37]. Furthermore, the tremendous 
complexity that might arise in very deep remote-sensing networks is avoided by the compact temporal classifier 
[38]. Balancing is necessary because operational crop mapping must handle a lot of parcels in a short growing 
season [39]. Diffusion augmentation should thus not be handled as a stand-alone generating problem, but rather 
in combination with an end-to-end crop mapping procedure [40]. 

 
Figure 7. Cross-region mapping and computational performance. (a) Cross-region transfer accuracy. (b) Cross-year generalization. (c) 

Inference latency. 

Conclusion 
This work presented a data-augmented Diffusion Model for crop mapping in Sentinel-2 image time series. Strong 
sequence modelling, mask-aware representation, diffusion-driven temporal sample creation, and consistency-
guided crop classification are all introduced in this approach, which views crop phenology as a conditional 
temporal distribution. The findings demonstrate that the suggested framework may boost the identification of 
minority crops and increase overall accuracy, which have been comparatively weak spots in earlier supervised 
crop mapping algorithms. 

Diffusion augmentation is only useful when crop-specific requirements and spectral-temporal consistency are 
met. For Sentinel-2 crop mapping, it is not possible to increase the sample size at random since the ensuing 
artificial time series will make phenologically comparable crops more confusing. Crop labels, observation masks, 
phenological phases, and geographical context are used to provide conditioning information; samples are 
augmented to enhance feature separability and lessen performance deterioration brought on by incomplete 
observations. 

The framework will be expanded in subsequent work to incorporate field management records, Sentinel-1 radar 
time-series data, and climatic parameters in the diffusion condition. Reduce the size of the cloud-edge 
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agricultural monitoring platform's model and modify it to fit several crop maps in various nations with distinct 
crop calendars and labelling schemes. Extend the scope and length of the field survey data in order to identify a 
suitable structure for diffusion-based augmentation in operational agricultural remote sensing. 
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