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Abstract 

Marine low clouds have a strong impact on Earth’s system but remain a major source of uncertainty 
in anthropogenic radiative forcing simulated by general circulation models. This uncertainty arises 
from incomplete understanding of the many processes controlling their evolution and interactions. 
A key feature of these clouds is their diverse mesoscale morphologies, which are closely tied to their 
microphysical and radiative properties but remain difficult to characterize with satellite retrievals 
and numerical models. Here, we develop and apply a vision–language model (VLM) to classify 
marine low cloud morphologies using two independent datasets based on Moderate Resolution 
Imaging Spectroradiometer (MODIS) satellite imagery: (1) mesoscale cellular convection types of 
sugar, gravel, fish, and flower (SGFF; 8800 total samples), and (2) marine stratocumulus (Sc) types of 
stratus, closed cells, open cells, and other cells (260 total samples). By conditioning frozen image 
encoders on descriptive prompts, the VLM leverages multimodal priors learned from large-scale 
image–text training, making it less sensitive to limited sample size. Results show that the k-fold cross-
validation of VLM achieves an overall accuracy of 0.84 for SGFF, comparable to prior deep learning 
benchmarks for the same cloud types, and retains robust performance under the reduction of SGFF 
training size. For the Sc dataset, the VLM attains 0.86 accuracy, whereas image-only model is 
unreliable under such limited training set. These findings highlight the potential of VLMs as efficient 
and accurate tools for cloud classification under very low samples, offering new opportunities for 
satellite remote sensing and climate model evaluation. 

Keywords: low clouds; mesoscale cellular convection; satellite; machine learning; pattern 
recognition; vision-language models 
 

1. Introduction 

In recent decades, machine learning (ML) models have emerged as a transformative tool in 
atmospheric science, offering powerful capabilities to untangle complex problems by uncovering 
nonlinear and high-dimensional relationships [1–3]. These capabilities have led to successful 
applications across a broad range of atmospheric topics, including meteorological prediction, climate 
processes, aerosol–cloud interactions, and atmospheric chemistry [4–7]. ML models are increasingly 
integrated with observations and physical models in various ways, such as ML-driven fusion of air 
quality modeling and observations [8], development of emulators to accelerate or improve bin 
microphysics parameterizations in models [9], detection and classification of cloud morphologies 
from satellite imagery [10], and statistical downscaling of climate model outputs to regional scales 
[11]. These developments demonstrate the potential of ML as a complementary framework for 
process-level understanding of different atmospheric phenomena. 

Marine low clouds play a key role in Earth’s radiation budget due to their vast coverage and 
high albedo [12]. Despite this, their contribution to total cloud feedback results in one of the largest 
uncertainties in anthropogenic radiative forcing [13,14]. This uncertainty arises from the complexity 
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of processes that govern their evolution and from challenges in their representation in general 
circulation models (GCMs) [15]. With coarse spatial resolution, GCMs are unable to explicitly 
simulate critical cloud processes such as turbulence, entrainment, and aerosol–cloud interactions [16–
18]. In contrast, cloud-resolving models are capable of directly simulating these finer-scale processes, 
but small domain size, short integration time, and sensitivity to background meteorological 
conditions are among their limitations [19–21]. 

Satellite images show that marine low clouds have a variety of mesoscale morphologies, 
reflecting different stages of cloud development ranging from stratus in subtropical eastern oceans 
to organized stratocumulus (Sc; which can appear as open- or closed-cell forms) to shallow cumulus 
in trade wind regions [12,22]. Each cloud type or morphology is associated with distinct dynamical, 
microphysical, and radiative properties, evident in variability across static stability, cloud fraction, 
cloud radiative effect, and precipitation [23,24]. However, conventional remote sensing retrievals of 
cloud and aerosol properties, derived from radiance at the pixel scale, are not well-suited to 
differentiate among these cloud morphologies [10]. As a result, visual inspection of satellite images 
remains a critical step for distinguishing marine low cloud types, highlighting the need for more 
automated classification frameworks. 

Over the past two decades, several studies have classified different types of marine Sc clouds 
and mesoscale cellular convection (MCC) using traditional deep learning [24] and convolutional 
neural networks (CNNs) [10,25,26]. CNN classifiers, however, require large, labeled training datasets 
(typically on the order of thousands of images) to achieve robust performance. Because constructing 
such datasets in atmospheric science is both costly and labor-intensive, the application of CNNs on 
cloud classification has remained limited. To address this issue, Geiss et al. (2024) employed a self-
supervised neural network, showing that the classification of marine low clouds with this approach 
is comparable to that of CNNs. 

In this study, we address this limitation by introducing a novel approach based on an emerging 
deep learning framework, the vision–language model (VLM). Unlike CNNs, which rely exclusively 
on image features, VLMs align images with descriptive text within a shared embedding space [28]. 
By conditioning frozen image encoders on descriptive prompts, VLMs leverage multimodal priors 
learned from large-scale image–text datasets, making them far less sensitive to limited sample sizes. 
This efficiency is particularly advantageous for atmospheric applications, where labeled datasets are 
often rare. The rest of this paper is organized as follows: Sect. 2 describes the methodology, including 
data, model framework, training, validation, and evaluation. Sect. 3 presents the results, including 
model development for SGFF and marine Sc cloud types as well as VLM performance under limited 
samples. Sect. 4 provides the conclusions. 

2. Methodology 

2.1. Data 

In this study, we develop VLMs for two independent datasets, each representing a widely used 
framework for categorizing low cloud morphology. First, we employ the satellite images of MCC 
categories (sugar, gravel, fish, flower, or SGFF) produced by Geiss et al. (2024), which is a processed 
and quality-controlled subset of the labeled cloud imagery compiled by Rasp et al. (2020). The dataset 
builds on the cloud regime classification framework of Stevens et al. (2020), who identified four 
common MCC structures from 900 images in the trade wind region of North Atlantic ocean: 1) sugar 
(very fine-scale shallow cumulus clouds with little or no organization), gravel (precipitating shallow 
cumulus cells that are deeper and larger than sugar and form uneven granular pattern), fish (fishbone-
like organized cumulus separated from other clouds by cloud-free regions and having the largest size 
compared to other cell types), and flowers (precipitating organized stratiform clouds appearing as 
neighboring cells with size comparable to gravel). See Figs. 1-4 in Stevens et al. (2020), Figure 1 in 
Rasp et al. (2020) and Figure 1 in Geiss et al. (2024) for clear examples of each MCC type. 
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Rasp et al. (2020) expanded the work of Stevens et al. (2020) and produced 49,000 MCC labels 
from MODIS Terra and Aqua visible images over three trade wind regions (one in Atlantic and two 
in Pacific ocean) for a period of 11 years from 2007 to 2017. Geiss et al. (2024) further inspected this 
dataset and retained only labeled images in which three labelers or more were in agreement on the 
MCC type. That resulted in a total of 8,800 labeled images with 2,200 samples for each MCC type. 
They also processed the images to generate uniform 256×256-pixel resolution suitable for machine 
learning applications. 

Second, we constructed a labeled dataset focused on marine stratocumulus (Sc) clouds 
predominant over subtropical ocean basins. Three key regions were selected based on persistent Sc 
cover: the subtropical Northeast Pacific, the subtropical Southeast Pacific, and the subtropical 
Southeast Atlantic. The satellite imagery used in this analysis is acquired from the Moderate 
Resolution Imaging Spectroradiometer (MODIS) aboard the polar-orbiting Aqua and Terra satellites 
[29]. MODIS provides coverage with two daytime passes (one from each satellite) for each location 
on earth. We utilize Level-1B true-color (red–green–blue or RGB) reflectance, with spatial resolution 
ranging from 250 m to 1000 m depending on the spectral band and viewing geometry. These images 
are accessed through NASA Worldview. 

Scenes are extracted from May to September over a 10-year period (2015–2024), targeting 
daylight visible images with minimal sun-glint contamination to preserve image quality and contrast 
among cloud structures. We also exclude scenes from the edges of images, which tend to exhibit 
geometric distortion and stretching, and select scenes predominantly over ocean and free from high-
level clouds. All images have a resolution of 256 × 256 pixels to be consistent with the SGFF dataset 
format and to match the patching strategy of our VLM. Four types of Sc clouds are considered, with 
65 samples labeled for each type, yielding a total of 260 hand-labeled images. The categories are 
(Figure 1): stratus clouds (smooth, featureless layers of low clouds with horizontal development), 
closed cells (puffy, bright cells surrounded by narrow dark edges forming capped honeycomb 
structures), open cells (bright cloud rings surrounding dark, cloud-free centers forming honeycomb-
like patterns), and other cells (disorganized or broken cellular clouds appearing as patches or 
fragments). This classification follows prior studies on marine Sc cloud morphology [10,23,24], 
although some have adopted slightly different numbers or definitions of Sc cloud types depending 
on the region of study and availability of samples for each cloud type. 

(a) (b) (c) (d) 

    

Figure 1. Examples of MODIS imagery for marine stratocumulus cloud categories in this study, which include 
(a) stratus, (b) closed cells, (c) open cells, and (d) other cells. These satellite images are obtained from NASA 
Worldview website. 

2.2. Model Framework 

The classification technique in this study is based on OpenCLIP [30], an open-source 
implementation of the Contrastive Language–Image Pretraining (CLIP) model [28]. CLIP uses a dual-
encoder transformer architecture, consisting of a vision encoder and a text encoder that project image 
and text representations into a shared embedding space in order to associate semantic concepts with 
visual patterns (Figure 2). The model is trained using a contrastive loss function that maximizes the 
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cosine similarity between matched image–text pairs while minimizing similarity between 
mismatched pairs. 

In our configuration, the vision encoder is a Vision Transformer (ViT-B/32) architecture [31], 
which processes non-overlapping 32×32-pixel patches from each 256×256 image and embeds them 
into a fixed-dimensional representation (𝑰𝑰𝒊𝒊  in Figure 2). The text encoder is a transformer-based 
language model that encodes short natural-language descriptions of cloud categories into the same 
embedding space (𝑻𝑻𝒊𝒊  in Figure 2). Both encoders output 512-element vectors (1-D embeddings), 
which are then normalized and passed to a projection head for similarity computation. 

In this study, we freeze all weights of the pretrained vision and text encoders and fine-tune only 
the projection head. Each projection head is parameterized by a 512×512-element weight matrix (𝐖𝐖𝐩𝐩 
for images, 𝐖𝐖′𝐩𝐩  for text) that linearly transforms the encoder outputs into a shared multimodal 
embedding space (represented by 𝒛𝒛𝒊𝒊 for images and 𝒛𝒛′𝒊𝒊 for text in Figure 2). The cosine similarity 
between all 𝒛𝒛𝒊𝒊  and 𝒛𝒛′𝒋𝒋  pairs forms a similarity matrix S, where each element 𝑆𝑆𝑖𝑖𝑖𝑖  quantifies the 
alignment between image i and text j. This similarity matrix is used in the symmetric cross-entropy 
contrastive loss, which encourages matched image–text pairs to have high similarity and mismatched 
pairs to have low similarity. Freezing the encoders while training only 𝐖𝐖𝐩𝐩 and 𝐖𝐖′𝐩𝐩 is a common 
transfer learning strategy that reduces computational cost [32,33] and mitigates overfitting when 
working with relatively small, domain-specific datasets [34,35]. This choice preserves the general 
visual–prompt knowledge obtained during large-scale pretraining of OpenCLIP (involving 
hundreds of millions of publicly available image–text pairs) while adapting the model to specialized 
datasets focused on a narrow range of image types, in this case, satellite imagery of marine Sc clouds 
and MCC morphologies. 

 

Figure 2. A schematic of the VLM framework and training procedure used in this study. A similar framework 
is developed for marine Sc cloud types. Abbreviations: MCC: mesoscale cellular convection, CV: cross-
validation, ViT: Vision Transformer. Symbols: 𝑰𝑰𝒊𝒊: image embedding vector for the ith sample from the frozen 
image encoder; 𝑻𝑻𝒊𝒊: text embedding vector for the sample ith from the frozen text encoder; 𝐖𝐖𝐩𝐩, 𝐖𝐖′𝐩𝐩: learnable 
projection matrices for image and text embeddings, respectively; 𝒛𝒛𝒊𝒊, 𝒛𝒛′𝒊𝒊: normalized projections of the image 
and text embeddings, respectively; 𝐒𝐒: cosine similarity matrix, where each element 𝑆𝑆𝑖𝑖𝑖𝑖  represents the similarity 
between 𝒛𝒛𝒊𝒊 and 𝒛𝒛′𝒋𝒋; P: precision; R: recall; F1: F1-score; A: accuracy. More details are provided in the text. 

For prompt engineering, we use descriptive phrases corresponding to the cloud morphological 
types of the two datasets, namely MCCs (sugar, gravel, fish, and flower) and marine Sc clouds (stratus, 
closed cells, open cells, and other cells), as described in Sect. 2.1. Each phrase emphasizes distinctive 
morphological features identifiable in visible MODIS true-color imagery. These text prompts serve 
as conditioning inputs to the text encoder during inference, providing a semantic anchor for each 
cloud type. To enhance robustness, we employ an ensemble prompting strategy, in which multiple 
prompts for each category are created through variations in wording, synonyms, or sentence 
structure, and their similarity scores are averaged. Prompt-ensemble strategies in VLMs have been 
shown to produce slightly higher accuracy compared to using a single prompt per class [28,36]. 
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2.3. Training Procedure 

Training is conducted using the AdamW optimizer [37] with a learning rate of 5 × 10⁻⁵ and a 
weight decay of 1 × 10⁻⁴, settings commonly adopted for fine-tuning large pretrained models on 
smaller, specialized datasets to balance convergence speed and stability. The learning rate is 
deliberately small to avoid catastrophic forgetting of pretrained visual–text representations while 
allowing gradual adaptation to the target cloud-classification tasks [32,38]. Weight decay regularizes 
the projection head and mitigates overfitting without overly constraining the learned weights [39]. 
Training is run for 50 epochs, which allows convergence under these low learning-rate settings while 
avoiding unnecessary computation and overfitting. 

The loss function is the symmetric cross-entropy contrastive loss used in CLIP-type models, 
which simultaneously maximizes similarity between matched image–text pairs and minimizes 
similarity between mismatched pairs in order to improve bidirectional retrieval and representation 
alignment in the joint embedding space [28,40]. A cosine learning-rate schedule with warm restarts 
[37,41] is applied, smoothly decaying the rate within each cycle and periodically resetting it to escape 
shallow minima and improve generalization. 

The model is implemented in PyTorch [42], and all training and inference processes are executed 
on CPU hardware, as the dataset sizes and model architecture make GPU acceleration unnecessary 
for achieving acceptable runtimes. We vary batch sizes by dataset size and processing stage to balance 
convergence stability with computational efficiency on CPU hardware, consistent with previous 
studies on batch size selection [43,44]. For the SGFF dataset (8,800 images), we use a batch size of 64 
when extracting frozen image embeddings and 128 when fine-tuning the projection head on frozen 
embeddings. For the marine Sc dataset (260 images), batch sizes are 16 for extraction of the frozen 
embedding and 32 for during the projection head fine-tuning. These batch sizes follow standard 
practice in VLM fine-tuning. In the early embedding extraction step, we use smaller batches to reduce 
CPU memory usage. In the later fine-tuning step, we increase the batch size to make model updates 
more stable and improve training efficiency [45]. 

2.4. Testing the Model and Cross-Validation Strategy 

To test the model results, we utilize a k-fold cross-validation approach [46–48], which is widely 
used to assess the generalization capability of machine learning models and reduce overfitting. In 
this framework, the labeled dataset is randomly divided into k equally sized and mutually exclusive 
subsets. In our analysis, we set k = 5. For each iteration, one subset is held out as an independent test 
set, while the remaining k – 1 subset are combined to form the training set. The model is trained on 
this training set and subsequently evaluated on the held-out subset to provide an estimate of its 
predictive skill on data not seen during training. This process is repeated k times, with each subset 
serving as the test set exactly once. Once all k iterations are completed, predictions from each test 
subset are concatenated to form a complete set of model outputs from the entire dataset. The repeated 
training–testing cycle reduces the likelihood of overfitting to a particular subset of the data and 
provides a more reliable measure of performance than a single train–test split. Evaluation metrics are 
then computed across the aggregated prediction set. 

2.5. Evaluation Metrics 

To quantify the performance of the VLM, we compute a standard set of evaluation metrics 
commonly used in multi-class classification tasks: accuracy, precision, recall, and F1-score [49]. 
Because the dataset is balanced across classes, we calculate metrics for each class individually and 
then average across classes (macro-average technique). Here, a short description of each metric is 
provided [47,50]. For each class, precision (𝑃𝑃𝑖𝑖) is defined as: 

𝑃𝑃𝑖𝑖 =
TP𝑖𝑖

TP𝑖𝑖 + FP𝑖𝑖
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where TP𝑖𝑖 is the number of true positive for class i, and FP𝑖𝑖 is the number of false positive for class 
i. 𝑃𝑃𝑖𝑖 reflects the model’s ability to avoid false alarms, that is, what fraction of the predicted instances 
of a given class were actually correct. Another metric is recall (𝑅𝑅𝑖𝑖), also known as sensitivity or true 
positive rate, which is defined for each class as: 

𝑅𝑅𝑖𝑖 =
TP𝑖𝑖

TP𝑖𝑖 + FN𝑖𝑖
 

where FN𝑖𝑖 is the number of false negative for class i. 𝑅𝑅𝑖𝑖 shows correctly identified samples out of 
all actual samples of class i. To balances the trade-off between precision and recall, F1-score is defined 
as the harmonic mean of these two metrics for each class: 

𝐹𝐹1𝑖𝑖 = 2
𝑃𝑃𝑖𝑖𝑅𝑅𝑖𝑖
𝑃𝑃𝑖𝑖+𝑅𝑅𝑖𝑖

 

F1-score is particularly useful when assessing performance on classes that are underrepresented. 
Thereafter, the macro-averaged metrics are calculated as: 

𝑃𝑃 =
1
𝑐𝑐
�𝑃𝑃𝑖𝑖

𝑐𝑐

𝑖𝑖=1

 

and similar equations for R and F1. Here, c is the number of classes. Lastly, accuracy (A) can be 
defined as: 

𝐴𝐴 =
∑ TP𝑖𝑖𝑐𝑐
𝑖𝑖=1

𝑁𝑁
 

where N is the total number of samples. It represents the proportion of all correctly classified samples 
out of the total number of samples, regardless of class. 

In addition, we present confusion matrices to visualize the distribution of correct and incorrect 
predictions across both the four MCC categories (SGFF) and the marine Sc types (SCOO). The 
diagonal elements of the matrix represent correct predictions for each class, while the off-diagonal 
elements correspond to incorrect predictions. This allows identification of systematic 
misclassification patterns [50]. 

3. Results 

3.1. Model Development for SGFF Cloud Types 

Two configurations of the VLM are developed for the MCC classification: image–only and 
prompt–image. In the image–only configuration, the text encoder is omitted, and training operates 
solely on the visualization. Images are first processed by the frozen image encoder to produce 512-
element embeddings (𝑰𝑰𝒊𝒊), which are then passed through the fine-tuned projection head (𝐖𝐖𝐩𝐩) to yield 
projected vectors (𝒛𝒛𝒊𝒊). A cosine similarity matrix is computed between projected embeddings in a 
batch, and a supervised (or image–image) contrastive loss [51] is applied in order to encourage 
samples of the same class to be close in the embedding space while pushing apart samples from 
different classes. This setup is conceptually similar to single-modality contrastive representation 
learning frameworks [52], but with a frozen pretrained encoder and fine-tuned projection head for 
efficient transfer learning [34]. In the prompt–image configuration, both image and text embeddings 
(𝑰𝑰𝒊𝒊  and 𝑻𝑻𝒊𝒊) are generated by their respective frozen encoders, projected via 𝐖𝐖𝐩𝐩  and 𝐖𝐖′𝐩𝐩  into a 
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shared space (𝒛𝒛𝒊𝒊 and 𝒛𝒛′𝒊𝒊), and normalized. Cosine similarities are then computed across modalities, 
and the symmetric cross-entropy contrastive loss used in CLIP-type models [28] is applied to align 
paired image–prompt representations while separating mismatched pairs. While the prompt–image 
setup is our main purpose, the image–only model is included as a baseline to quantify the added 
benefit of prompt conditioning in enhancing the accuracy of classification. 

The performance of the developed VLMs for both image–only and prompt–image 
configurations is summarized in Table 1, with all metrics calculated from 5-fold cross-validation. For 
the image–only configuration, macro-averaged precision, recall, F1-score, and overall accuracy are 
all approximately 0.72. Across MCC types, evaluation metrics vary by more than 20%. The sugar class 
exhibits the highest F1-score (0.782), reflecting a balance between relatively high precision (0.827) and 
recall (0.743). The flower class achieves the highest recall (0.851) but, with lower precision (0.672), 
attains the second-highest F1-score (0.751). In contrast, the fish class shows the lowest F1-score (0.644), 
stemming from both the lowest recall (0.625) and precision (0.664), indicating a higher rate of 
misclassification. The confusion matrices are shown in Figure 3, where values are normalized by the 
number of samples in each true class; thus, the diagonal elements correspond to the recall values in 
Table 1, and the off-diagonal elements represent misclassifications. For the image-only configuration, 
fish type is most often incorrectly predicted as flower (26.5%) or gravel (7.8%), while sugar is 
misclassified as gravel (16.7%) and, flower is misclassified as fish (13.8%). The wrong prediction of 
gravel is more evenly distributed among the other classes, averaging about 12% each. 

Table 1. Evaluation metrics for image–only and prompt–image VLM configurations after 5-fold cross-validation. 
Precision, recall, and F1-score are reported for each SGFF MCC category, along with macro averages across all 
categories and overall accuracy. 

Evaluation metrics for image-only 
Cloud type Precision Recall F1-score Accuracy 

Sugar 0.827 0.743 0.782 --- 
Gravel 0.723 0.646 0.683 --- 

Fish 0.664 0.625 0.644 --- 
Flower 0.672 0.851 0.751 --- 
Total 0.721 0.716 0.715 0.716 

Evaluation metrics for prompt-image 
Cloud type Precision Recall F1-score Accuracy 

Sugar 0.877 0.873 0.875 --- 
Gravel 0.841 0.818 0.829 --- 

Fish 0.794 0.775 0.784 --- 
Flower 0.839 0.886 0.862 --- 
Total 0.838 0.838 0.838 0.838 

Incorporating prompt–image projection substantially improves classification skill on average 
and across all four classes. The macro-averaged precision, recall, and F1-score, along with overall 
accuracy, are all 0.838, representing a 12% increase compared to the image–only configuration. All 
evaluation metrics have improved across all classes. From Table 1, sugar class achieves the highest 
F1-score (0.875) and fish the lowest (0.784). The highest precision is obtained for sugar (0.877), while 
the highest recall is for flower (0.886). Gains are most pronounced in classes that previously had the 
lowest evaluation metrics under the image–only configuration: F1-score increases by approximately 
15%, 14%, 11%, and 9% for gravel, fish, flower, and sugar, respectively. Precision improves the most 
for flower (+17%), while recall improves the most for gravel (+17%). By contrast, precision in sugar 
and recall in flower increase by only 5% and 4%, respectively. The confusion matrix (Figure 3) shows 
that most off-diagonal misclassifications are reduced, with the strongest errors nearly halved. For 
example, in the prompt–image configuration, fish is misclassified as flower in 13.5%, sugar is 
misclassified as gravel in 8.5%, and flower is misclassified as fish in 9.1% of cases. 
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Figure 3. Confusion matrices for image–only and prompt–image VLM configurations, showing the percentage 
of correctly and incorrectly classified samples for each SGFF MCC cloud category after 5-fold cross-validation. 
Note that values are normalized by the number of samples in each true class. 

These results demonstrate that integrating prompt–image projection within the VLM framework 
enhances MCC classification ability, particularly for classes with high intra-class variability. Overall, 
our findings are consistent with those of Geiss et al. (2024). A direct comparison, however, is not 
straightforward, because their study employed a single train–test split for validation, whereas we use 
k-fold cross-validation, which typically yields lower but more reliable performance estimates (since 
it averages over multiple random splits and avoids sampling bias). Nevertheless, the accuracy of our 
prompt–image configuration falls within the range of values (0.829 to 0.877) reported by Geiss et al. 
(2024) for multiple supervised and self-supervised neural networks applied to SGFF. In addition, 
their confusion matrix shows best performance for sugar and worst for fish, consistent with our 
findings, and the patterns of misclassification across classes are also very similar to those we report. 

3.2. VLM Performance Under Limited Samples 

To evaluate the robustness of our approach under limited training data, we compare the 
performance of an image-only configuration with the prompt–image projection across progressively 
smaller subsets of the SGFF dataset. We select target sample sizes of 6000, 4000, 2000, 800, 400, and 
200, and for each size, we randomly draw five independent subsamples from the full dataset (8800 
samples) to account for variability in sample composition. Each subsample is used to train the 
respective model configuration, and classification accuracy is estimated using k-fold cross-validation. 
This procedure ensures that the reported performance does not depend on a single random draw of 
training cases but instead reflects more general behavior across multiple realizations. 

Although built atop pretrained embeddings, the image-only model shows strong sensitivity to 
dataset size: the average accuracy is 0.70 for a sample size of 6000 and it reduces progressively with 
sample size, declining rapidly when fewer than ~1000 images are available and reaching ~0.31 for 200 
samples (Figure 4). This behavior is consistent with broader findings across the machine learning 
literature. Deep neural networks applied to subsampled benchmarks exhibit significant performance 
loss when the number of training images is reduced [53,54]. In earth science and remote sensing, 
traditional machine learning and neural network image classifiers likewise show strong sensitivity 
to dataset size, with accuracy declining sharply as the number of labeled samples decreases [55,56]. 
These collective results confirm that image-only approaches are highly dependent on labeled sample 
size, further motivating the need for alternative strategies such as VLMs. 
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Figure 4. Sensitivity of classification accuracy to training sample size for image-only (red) and prompt-image 
(blue) configurations. For each sample size, five random subsamples are drawn, the VLM is trained on each 
subsample, and k-fold cross-validation is performed to calculate accuracy (light markers and lines). The mean 
accuracy across the five subsamples is shown with darker markers and lines. 

In contrast, the prompt–image projection maintains substantially higher accuracy across all 
sample sizes, from 0.83 at 6000 samples down to only 0.71 at 200 samples. This demonstrates the data 
efficiency gained by conditioning the frozen image encoder on descriptive prompts. Such robustness 
aligns with recent findings using CLIP-based models, which show that prompt tuning enables strong 
generalization and achieves high skill even in limited-data regimes [57–59]. By leveraging the 
multimodal prior encoded in their pretrained joint image–text space, VLMs are far less dependent on 
large, labeled datasets and therefore remain resilient in settings where conventional neural networks 
break down. 

This finding is particularly relevant for application to our Sc cloud dataset, where the total 
number of available labeled images is only 260. By showing that the reduction in sample size has 
minimal impact on the VLM’s performance relative to the image-only setup, we establish that our 
approach remains viable for datasets of this scale, thereby motivating the analysis of Sc morphologies 
presented in the next sub-section. 

3.3. Model Development for Marine Sc Cloud Types 

Following the general evaluation of model robustness under different training sample sizes, we 
now apply the two model configurations to the classification of marine Sc cloud morphologies. With 
only 260 labeled images, this dataset provides a test of VLM feasibility when training samples are 
highly limited. Such a scenario is common in atmospheric science, where the construction of labeled 
cloud datasets requires significant manual effort and often cannot match the scale of benchmark 
datasets available in computer vision. 

Table 2 summarizes evaluation metrics after five-fold cross-validation. The image-only 
configuration shows significant limitations when applied to this dataset, with the overall accuracy 
and macro-averaged precision, recall, and F1-score values of approximately 0.4. At the class level, 
performance varies substantially. F1-scores range from 0.247 for open cells to 0.504 for other cells. 
Open cells are the most problematic class: precision is only 0.375 and recall falls to 0.185, meaning 
that the majority of open-cell cases are misclassified. Other cells achieve the highest relative 
performance, with precision of 0.516 and recall of 0.492. Considering that the probability of correct 
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classification by random chance is 0.25, these results indicate that most classes achieve only marginal 
improvement over guessing. The confusion matrix further highlights this issue since the distributions 
of predictions are broadly spread across off-diagonal elements (Figure 4). Open cells are more often 
misclassified as closed cells (38.5%) than identified correctly (18.5%), while stratus is most frequently 
misclassified as closed cells (35.4% compared to 47.7% correct). These patterns reflect the sensitivity 
analysis in Section 3.2, where image-only models degrade sharply when the training set is reduced 
below 1000 samples. 

Table 2. As in Table 1, but for marine Sc cloud categories. 

Evaluation metrics for image-only 
Cloud type Precision Recall F1-score Accuracy 
Open cells 0.375 0.185      0.247 --- 

Closed cells 0.351      0.523      0.420 --- 
Stratus 0.449      0.477      0.463 --- 

Other cells 0.516      0.492      0.504 --- 
Total 0.423      0.419      0.408 0.419 

Evaluation metrics for prompt-image 
Cloud type Precision Recall F1-score Accuracy 
Open cells 0.809      0.846      0.827 --- 

Closed cells 0.984      0.938      0.961 --- 
Stratus 0.883      0.815      0.848 --- 

Other cells 0.786      0.846      0.815 --- 
Total 0.865      0.862      0.863 0.862    

  

Figure 4. As in Figure 2, but for marine Sc cloud category. 

In contrast, the prompt–image projection delivers a remarkable improvement across all 
evaluation metrics. The overall accuracy and macro-averaged precision, recall, and F1-score increase 
to approximately 0.86 (Table 2). Each class achieves robust performance, with F1-scores of 0.961 for 
closed cells, 0.848 for stratus, 0.827 for open cells, and 0.815 for other cells. Closed cells stand out, 
with precision of 0.984 and recall of 0.938, yielding the highest skill among all categories. The 
corresponding confusion matrix (Figure 4) reveals that most samples align along the diagonal, with 
minimal misclassification. Closed cells are identified with the greatest accuracy, with 6.2% of samples 
misclassified as either open cells or stratus. Open cells are most often misclassified as other cells 
(13.8%), stratus is more frequently mis-predicted as other cells (9.2%), and other cells are misclassified 
most often as open cells (9.2%). 
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These findings provide further validation of the results identified in Section 3.2. While the 
image-only configuration collapses when training data are reduced below a thousand samples, the 
prompt–image approach demonstrates resilience even when fewer than 300 labeled images are 
available. More broadly, the results illustrate the potential of VLMs for remote sensing and cloud 
physics applications, where large, annotated training datasets are often scarce and challenging to 
create. 

Comparison with prior studies further emphasizes this advantage. Previous efforts to classify 
marine low cloud imagery have relied on traditional machine learning or image-only neural 
networks, which perform well when thousands of labeled samples are available [10,23,24]. Geiss et 
al. (2024) used approximately 2500 labeled samples of marine Sc clouds based on the dataset of Yuan 
et al. (2020) and evaluated various supervised and self-supervised neural networks. Their reported 
accuracy values ranged between 0.741 and 0.824, which were 0.033–0.090 lower than the same models 
applied to the SGFF dataset with 8800 labeled samples. They attributed this decrease in skill to the 
limited sample size of the Sc dataset. Our results align with this interpretation: dataset size imposes 
a strong limitation on image-only models. However, VLMs provide an effective alternative, achieving 
levels of skill that are unattainable for conventional image-only models when only limited labeled 
data are available for training. 

4. Conclusions 

Marine low clouds exert a strong effect on Earth’s radiative balance but remain a major source 
of uncertainty in anthropogenic climate forcing. A key challenge lies in their diverse mesoscale 
morphologies, which are associated with dynamical and physical properties but remain difficult to 
distinguish using conventional satellite retrievals. Previous studies applied neural networks to 
satellite imagery for low cloud classification [10,24–26], but a primary limitation of such deep learning 
methods is their dependence on very large labeled datasets. One way to mitigate this constraint is 
through self-supervised learning [27]. Alternatively, this study develops a vision–language model 
(VLM) framework using OpenCLIP [28] for classifying marine low cloud morphologies, 
demonstrating its potential to perform accurately even with very small sample sizes. 

The VLM is built on a frozen image encoder pretrained on large-scale image–text data, coupled 
with a linear projection head fine-tuned using descriptive language prompts. This architecture aligns 
images and text within a shared embedding space, allowing classification to be guided by semantic 
descriptions of cloud types rather than relying solely on image features. Two independent datasets 
are used to evaluate performance: the MCC SGFF categories (8800 labeled MODIS scenes) and marine 
Sc morphologies (260 labeled MODIS scenes). To achieve robustness, we use k-fold cross-validation 
and then calculate evaluation metrics. 

For the SGFF dataset, the VLM achieves balanced performance across all four classes, with 
overall accuracy, precision, recall, and F1-score of 0.84, representing a 12% gain over the image-only 
baseline. Improvements in VLM are strongest for classes that are typically most challenging in image-
only configuration (fish and gravel). Confusion matrix analysis confirms that off-diagonal errors are 
reduced, with major misclassifications nearly halved relative to the image-only model. Accuracy is 
comparable to previous CNN-based benchmarks [27]. Additional sensitivity tests reveal that the 
image-only configuration is strongly dependent on training size, with accuracy declining from 0.70 
at 6000 samples to 0.31 at 200 samples. By contrast, the VLM maintains substantially higher accuracy 
across all sample sizes, from 0.83 at 6000 samples to 0.71 at 200 samples. This demonstrates the 
efficiency gained by conditioning frozen encoders on descriptive prompts and highlights the 
resilience of the approach in small-sample regimes, consistent with findings from CLIP-based studies 
in computer vision [59]. 

For the Sc dataset of only 260 labeled images, the contrast between the two model configurations 
is pronounced. The image-only model produces unreliable classifications, with overall accuracy of 
0.419 and class-based performance skills ranging from 0.19 to 0.52. In contrast, the VLM achieves 
balanced accuracy, precision, recall, and F1-score of 0.86, with class-level performance ranging from 
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0.79 to 0.98. These results confirm that VLMs are far less dependent on large, labeled datasets, 
enabling high skills even in very limited datasets. 

An additional strength of this approach is its computational efficiency. Because the backbone 
remains frozen and only a linear projection head is fine-tuned, the VLM can be trained and run 
effectively on CPUs without requiring specialized GPUs. This lowers the barrier for applying 
advanced deep learning methods in atmospheric research, making VLMs both accurate and 
accessible for researchers with limited computational resources. 

It is worth mentioning several limitations and suggestions. Future work could explore fine-
tuning both the image encoder and language prompts. though this could increase computational cost. 
Performance may also depend on hyperparameters such as prompt design, learning rate, weight 
decay, and model architecture, which should be systematically tested. Moreover, expanding the 
framework to other datasets, regions, and time periods will be essential for assessing generalizability. 
Last but not least, as noted by Yuan et al. (2020), another source of uncertainty in cloud classification 
is that even expert humans might classify the same satellite image differently, and this ambiguity 
must be accounted for when evaluating automated systems. 

Despite these limitations, our results demonstrate that VLMs provide a reliable, data-efficient, 
and computationally inexpensive framework for cloud classification. Beyond satellite images of 
marine low clouds, this approach holds promise for a wide range of atmospheric science applications, 
including analysis of numerical model simulations, classification of other cloud regimes, and 
monitoring of fire, smoke, and dust. With continued development, VLMs offer a pathway toward 
more systematic, scalable, and efficient use of imagery in climate and weather research. 

Data Availability Statement: The MODIS satellite imagery are from level 1B calibrated radiances (collection 6.1 
release) and are publicly assessable from NASA’s LAADS through their corresponding websites at 
http://doi.org/10.5067/MODIS/MOD02QKM.061 and http://doi.org/10.5067/MODIS/MYD02QKM.061. The 
MODIS imagery archive is provided on NASA Worldview website at https://worldview.earthdata.nasa.gov. The 
MODIS labeled images processed by Geiss et al. (2024) are available at https://doi.org/10.5281/zenodo.7823778. 
Numerical codes for data analysis and visualization will be provided upon request. The machine learning 
modeling in this study was performed using the OpenCLIP model (publicly available at 
https://github.com/mlfoundations/open_clip), which is implemented in PyTorch (an open-source deep learning 
framework available at: https://pytorch.org). 
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