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Abstract: Ground-based cloud detection remains challenging due to the cloud morphological com-
plexity, inter-class visual ambiguity, and dynamic background interference. Although deep learning
has enhanced detection precision, conventional random sampling training paradigms overlook the
heterogeneous spectrum of cloud sample difficulty levels. This paper proposes CurriCloud, a dynamic
curriculum learning framework that automatically adapts to cloud detection challenges through
two key innovations: (1) a loss-adaptive difficulty measurement approach that evaluates sample
complexity in real-time based on training performance, and (2) a phase-wise threshold scheduling
mechanism that progressively adjusts sample selection to match the model’s capability. Extensive
experiments on the ALPACLOUD benchmark demonstrate CurriCloud’s effectiveness across diverse
architectures including YOLOv10s, SSD, and RT-DETR-R50, compared with random sampling train-
ing paradigms. Ablation studies demonstrate CurriCloud’s robustness to hyperparameter variations,
while comparative analyses show superior precision-recall balance over static curriculum methods.
The architecture-agnostic design enables seamless integration with CNNs and transformers, offering
practical value for meteorological observation systems.

Keywords: cloud object detection; curriculum learning; unified loss function; loss adaptive curriculum
scheduling

1. Introduction

Ground-based cloud detection, as a core component of meteorological observation systems, plays
a crucial role in analyzing weather transitions and multi-domain meteorological services [1-3].

Different types of clouds indicate distinct weather changes. For instance, mammatus clouds are
often associated with hail or extreme weather events, while Altocumulus lenticularis clouds signal
strong wind shear and a high risk of aviation turbulence. Therefore, real-time, high-precision ground-
based cloud detection is essential for localized short-term extreme weather warnings. Additionally,
ground-based cloud detection is vital in photovoltaic power generation forecasting [4]. The move-
ment and morphological changes of clouds directly influence solar radiation intensity distribution,
thereby affecting the efficiency of photovoltaic power plants. Ground-based cloud monitoring systems
can accurately capture the spatiotemporal characteristics of clouds, optimizing photovoltaic power
prediction models and reducing intermittent fluctuations in power output. Compared to satellite ob-
servations, ground-based imaging systems provide higher-resolution cloud data, compensating for the
lack of spatiotemporal detail in satellite observations and offering richer information for meteorological
research and applications.

However, ground-based cloud detection faces numerous technical challenges. First, cloud mor-
phology exhibits high diversity and complexity [5], as illustrated in Figure 1 [6]. Different cloud
categories may share similar visual features. For example, opaque altostratus and nimbostratus clouds
are often indistinguishable to untrained observers. Second, clouds and certain surface features (e.g.,
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deserts, snow-covered terrain) exhibit spectral similarities, increasing the risk of false detection. Fur-
thermore, the presence of occlusion effects in multi-layer cloud systems leads to boundary ambiguity,
significantly complicating detection.
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Figure 1. Different cloud categories[6].Cloud morphology exhibits high diversity and complexity.

These challenges limit the effectiveness of traditional machine learning methods based on hand-
crafted features [7-9]. In recent years, deep learning techniques, particularly convolutional neural
networks (CNNs) and Transformer architectures, have achieved remarkable progress in object detec-
tion [10-14] However, directly applying generic detection models(e.g., YOLO series [10], SSD [13], and
RT-DETR [15]) to cloud detection tasks may yield limited performance due to training (source) domain
bias and unique physical properties of clouds. Some studies have attempted to improve performance
through model refinement or transfer learning [16-19], yet conventional random sampling training
paradigms overlook the inherent variability in sample difficulty, neglecting its impact on model learn-
ing.This may lead to limited generalization in complex scenarios and fails to address issues such as
misclassification and false detection. The complexity of cloud morphology, inter-class visual similarity,
and dynamic background interference remain major challenges in current research.

Curriculum Learning (CL) [20], a machine learning paradigm inspired by human education, first
introduced by Bengio et al. and validated both theoretically and empirically. Its fundamental premise
involves progressively training models from simple to complex samples to improve learning efficiency
and final performance. CL operates on three key principles: (1) quantifiable difficulty differences
among samples, where easier examples enable faster development of effective feature representations;
(2) knowledge accumulation, where simple features form foundations for learning complex patterns;
and (3) dynamic adaptation, where optimal learning progression adjusts based on real-time model
performance to optimize neural network parameter exploration [20].

These principles naturally align with CNN’s hierarchical feature extraction and the multidimen-
sional challenges in cloud detection. While CL has demonstrated success across computer vision
domains [21,22], its application to cloud detection remains underexplored To address this gap, we
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propose CurriCloud, a loss-adaptive curriculum learning framework specifically designed for ground-
based cloud detection, which dynamically adjusts training sample difficulty and optimizes progressive
training. The core innovations of this framework include: (1) A loss-adaptive difficulty measure-
ment that automatically evaluates sample complexity based on real-time training performance; (2)
A phase-wise threshold scheduling mechanism that progressively adjusts training sample selection
to match the model’s evolving capability; and (3) A network-agnostic design compatible with both
CNN- and Transformer-based detectors, automatically tailoring the curriculum to each architecture’s
learning characteristics.

The main contributions of this work can be summarized as follows:

(1) A dynamic curriculum learning framework specifically designed for ground-based cloud
detection is proposed, where detection performance is significantly improved through adaptive
difficulty assessment and phase-wise training optimization. To the best of our knowledge, this
represents the first implementation of adaptive curriculum learning explicitly tailored for cloud
detection tasks.

(2) A general loss-adaptive difficulty measurement method is designed, where reliance on manual
difficulty annotation is eliminated, providing a novel approach for applying curriculum learning in
remote sensing applications.

(3) Unlike all-sky cloud images or pure-sky cloud images, we constructed ALPACLOUD, a
ground-based cloud image dataset with diverse ground backgrounds, better reflecting real-world
scenarios and improving the model’s robustness against background interference.

(4) Comprehensive experiments are conducted on the ALPACLOUD dataset, where the effective-
ness and robustness of CurriCloud across different detection architectures are validated. Differentiated
optimization patterns of CurriCloud’s core hyperparameters are revealed. Additionally, CurriCloud
is compared with Static CL, a static curriculum learning scheme with predefined sample difficulty,
where the superiority of the dynamic curriculum learning approach is confirmed by outperforming
CurriCloud-SL on most metrics.

2. Related Works
2.1. Ground- Based Cloud Detection

Recent years have witnessed remarkable progress in ground-based cloud analysis through deep
learning approaches [23,24]. The field has evolved along two main directions: cloud classification and
cloud detection. For classification tasks, seminal works include CloudA [25]which established the
first dedicated CNN architecture, TGCN [26] that introduced graph convolutional networks to model
spatial relationships between cloud formations, and subsequent improvements addressing specific
challenges like intra-class variation and occlusion robustness [24]. Parallel developments in transfer
learning extended these methods to data-scarce scenarios [18,19].

While these classification methods have significantly advanced cloud analysis, operational meteo-
rological applications increasingly demand real-time systems capable of simultaneously localizing
and classifying clouds. Modern detection frameworks have demonstrated exceptional potential in this
regard: the YOLO series [11], with its efficient single-stage architecture, delivers remarkable inference
speeds on modern GPUs while maintaining competitive accuracy - making it ideal for real-time sky
monitoring; while DETR’s [14,15]end-to-end transformer approach eliminates traditional components
like anchor boxes and non-maximum suppression, particularly suitable for occluded and overlapping
cloud scenarios. However, applying these generic detectors to cloud analysis requires significant
adaptations due to unique atmospheric characteristics. Recent advances have diversified to include
domain-specific loss functions [16], YOLO architectures for multiscale detection [27], and DETR vari-
ants optimized for complex background interference [17,28], among other innovations. Despite these
advances, current approaches share a fundamental limitation: they focus exclusively on architectural
modifications while employing static training paradigms that cannot adapt to the varying difficulty of
cloud samples.
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This reveals a critical research gap - the need for dynamic training frameworks that address
cloud-specific challenges during learning. Our work bridges this gap through a novel curriculum
learning approach that maintains architectural generality while achieving comprehensive performance
improvements via intelligent, physics-aware training sample selection and difficulty adjustment.

2.2. Loss Functions for Object Detection

The performance of detection models hinges critically on the design of loss functions, which
must simultaneously optimize localization accuracy (i.e., bounding box regression) and classification
confidence while balancing gradient contributions across subtasks. Modern detection losses typically
integrate three key components:

(1) Classification Loss: This measures the discrepancy between predicted and ground-truth class
labels. Widely adopted variants include Cross-Entropy (CE) loss and Focal Loss [29].

(2) Localization Loss: This quantifies spatial deviations between predicted and ground-truth
bounding boxes. Early frameworks relied on L1/L2, or Smooth L1 norms [30], while recent ad-
vancements introduced Intersection over Union (IoU) based losses such as GloU [31] and GCIoU
[32].

(3) Auxiliary Losses: Advanced frameworks incorporate domain-specific constraints. For example,
YOLOV10 [12] employs Distribution Focal Loss (DFL) to model bounding box distribution statistics,
enhancing robustness in detecting irregular geological features.

Existing loss functions are tightly coupled with detector architectures—anchor-free methods like
FCOS [33] rely on auxiliary center-ness losses, while Transformer-based detectors (e.g., RT-DETR)
require Hungarian matching for prediction deduplication. This architectural dependency limits cross-
framework adaptability and complicates optimization for specialized tasks such as cloud detection. Our
work proposes an architecture-agnostic unified loss that decouples from specific detection paradigms,
including both CNN- and Transformer-based approaches.

2.3. Curriculum Learning

A general framework for CL design consists of these two core components: (1)difficulty measurer,
which decides the relative easiness of each data example, and (2) a training scheduler, which decides
the sequence of data subsets throughout the training process based on the judgment from the difficulty
measurer [20]. Based on sample difficulty measurer methods, CL can be categorized into static
and dynamic paradigms. The static paradigm pre-defines sample difficulty using specific metrics
before training and maintains fixed difficulty levels throughout [20,34,35]. Recent developments have
shifted toward dynamic paradigm that continuously adjusts sample difficulty according to the model’s
evolving learning capacity during training.

Notable dynamic approaches include: (1) Self-Paced Learning (SPL) [36], a set of approaches in
which the model ranks the samples from easy to hard during training, based on its current progress.
For example, the inputs with the smaller loss at a certain time during training are easier than the
samples with higher loss; (2) Self-Paced Curriculum Learning (SPCL) [37,38], which takes into account
both prior knowledge known before training and the learning progress during training. Compared to
human education, SPCL is analogous to the “instructor-student-collaborative” learning mode, rather
than “instructor-driven” in CL or “student-driven” in SPL; and (3) the LeRaC method which leverages
the use of a different learning rate for each layer of a neural network, assigns higher learning rates
to neural layers closer to the input, gradually decreasing the learning rates as the layers are placed
farther away from the input [39].

CL has shown remarkable effectiveness in the domains of computer vision and object detection[20,
21], which offers valuable references for cloud detection.

3. The Proposed Method

The proposed CurriCloud framework, as illustrated in Figure 2, is a novel curriculum learning-
based approach designed to address the inherent challenges in ground-based cloud detection.
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Figure 2. The pipeline of our proposed CurriCloud. The gray regions represent the full-sample initialization phase
ej and full-sample fine-tuning phase e3, while the blue region denotes the dynamic curriculum scheduling.

CurriCloud consists of two key components: real-time loss analysis and dynamic curriculum
scheduling. Real-time loss analysis computes the current batch loss and maintains a loss sliding
window queue to dynamically monitor training losses. It evaluates sample difficulty based on phase-
specific adaptive thresholds without requiring manual annotations. The dynamic curriculum schedul-
ing employs a phase-wise threshold mechanism to progressively adjust sample selection strategies
according to the model’s evolving capabilities, enabling a step-by-step learning process from easy to
hard cloud samples.

3.1. Loss Computing and Analysis
3.1.1. Unified Batch Loss

We propose a Unified Batch Loss (UBL) function that achieves architecture independence while
effectively combining classification, localization, and auxiliary losses. This composite loss serves as a
dynamic difficulty metric for batch evaluation, automatically balancing contributions from multiple
cloud detection subtasks.

The UBL framework demonstrates compatibility with mainstream detectors, encompassing both
CNN-based architectures such as the YOLO series and SSD, as well as Transformer-based models
including DETR and RT-DETR.

Let B denote a training batch of N samples. The total loss L, for the batch B is defined as Equation

(1):

1 N
LM(B) = N Z(O‘Lcls + BLioe + ')’Laux)/ (@)
i=1

where L is the classification loss, measuring the discrepancy between predicted and ground-truth
cloud class labels; L, denotes the localization loss, which quantifies spatial deviations between
predicted and ground-truth cloud bounding boxes; and L, represents auxiliary losses (whose specific
functions vary across different object detectors). The task-balancing coefficients &, 8, v > 0 are
weighting parameters that can be either fixed or dynamically adjusted during the training process. If
no auxiliary tasks are present, y defaults to 0.

The batch-averaged loss L, (B) ensures stable gradients across diverse cloud samples, particularly
critical for heterogeneous scenes such as mixed urban and rural background variations.
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3.1.2. Loss Sliding Window Queue

The loss sliding window queue is used to monitor the training loss distribution in real-time. It
maintains the most recent w batches of loss values relative to the current batch B, represented as
QL,(B), where L, (B) is defined in Equation (2).

QLu(B) :{Lu(B_1)/Lu(B_Z)r--~rLu(B_w)}- (2)

QL. (B) operates as a First-In-First-Out (FIFO) queue, where its elements are dynamically updated
during training. Here, w represents the queue length, as illustrated in Figure 3.
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Figure 3. The loss sliding window queue.

The window size w is determined through three key considerations: for short-term fluctuation
filtering, w = 10 effectively smooths anomalies from challenging samples; for pattern retention in
slow-converging architectures, w = 20 preserves sufficient historical information; while the O(l) queue
operations maintain computational efficiency compared to O(nlogn) full-loss sorting approaches,
where n = total training batches.

3.2. Dynamic Loss Threshold

The dynamic loss threshold 6p ,,) determines whether to retain the current sample’s training
results for backpropagation. It is computed based on the loss sliding window queue values QL (B)
of the current batch B and the loss threshold quantile ¢;, corresponding to the training phase m (as
illustrated in Figure 3), as expressed in Equation (3):

0(8,m) = Qg (QLu(B)), 3)

where Q,, (-) represents the ¢,,-quantile operator applied to QL, (B). Backpropagation is performed
when L, (B) < 0(p,m); otherwise, the sample is reselected.
The design of ¢,, incorporates two key features:

* Relative Difficulty Assessment: Unlike static thresholds, 6p ,) automatically adapts to the
current state of the model. As performance improves, the threshold dynamically decreases
following the downward shift of the loss distribution, maintaining an optimal challenge level.

*  Architectural Adaptability: The framework naturally accommodates detectors with different
convergence characteristics - identical ¢, values produce detector-specific thresholds that match
individual optimization trajectories.

This adaptive threshold mechanism dynamically adjusts according to both the training phase
and the loss window queue, ensuring optimal alignment between sample difficulty and the model’s
evolving capability.
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3.3. Loss-Based Dynamic Curriculum Learning Scheduling

CurriCloud dynamically schedules training samples using the loss window queue QL (B) and
the adaptive threshold 6 ).

CurriCloud adopts a three-phase training protocol: full-sample initialization (e;), dynamic curricu-
lum scheduling (e;) and full-sample fine-tuning (e3). Each phase m is formally defined as Equation

(4):

(e, 524, g ), @

where [£5/7, 1¢74] denotes the epoch range, ¢,, represents the phase-specific quantile threshold for
sample difficulty selection.

Phase e; (Full-sample Initialization) employs unfiltered training on the complete data set to
establish the representations of the basic characteristics. During this stage, the model learns fundamen-
tal cloud characteristics - including texture patterns and morphological shapes - through exhaustive
exposure to all available samples. This comprehensive initialization strategy actively mitigates poten-
tial sampling bias in early training stages by preventing premature filtering of challenging instances,
thereby fostering robust feature embeddings that serve as the basis for subsequent curriculum learning
phases.

Phase ¢y (Dynamic Curriculum Scheduling) is further divided into three sub-phases (31, €2 and
ez3) with progressively increasing sample difficulty, i.e., 21 < @2 < @23. The scheduling protocol
operates as follows: First, the unified batch loss L, (B) is computed for the current batch B. The loss
value is then compared against the dynamic threshold 6 ,,,). If Ly, (B) < 0(,m), the detection model
parameters are updated via backpropagation; otherwise, the batch is resampled. Whether or not the
model is updated, L, (B) gets added to the sliding loss queue using FIFO. The protocol implements
a phased difficulty progression. Phase e;; employs low thresholds (e.g., ¢21 = 0.5) to incorporate a
wider spectrum of sample difficulties, thereby improving model generalization capabilities. Phase >,
employs a moderate threshold (e.g., 922 = 0.7) to enhance capability through intermediate samples;
while phase e;3 applies a high threshold (e.g., 23 = 0.9) to focus optimization on challenging cases.

Phase ¢3 (Full Fine-tuning) reverts to random sampling across the entire training set, effectively
eliminating potential bias introduced by the preceding curriculum learning stages. This final phase
serves dual critical purposes: (1) it prevents overfitting that could result from prolonged exposure
to filtered samples during the dynamic scheduling phase, and (2) facilitates global convergence by
allowing the model to perform unrestricted optimization across all difficulty levels. The unfiltered
training paradigm ensures comprehensive exploration of the parameter space, while maintaining the
robust feature representations developed during earlier phases.

CurriCloud demonstrates three fundamental improvements over conventional approaches: (1) in-
herent noise robustness through loss distribution-based difficulty estimation; (2) architectural univer-
sality via UBL that bridges CNN-Transformer optimization gaps; and (3) meteorologically interpretable
thresholds aligned with WMO standards—notably when 63,
cuses on cirrus fibratus differentiation, replicating expert training progression through its dynamic

~ 0.1, the system automatically fo-

curriculum.

4. Experiments

To validate the effectiveness of the CurriCloud strategy, we conducted comprehensive evaluations using
three representative detectors on our ALPACLOUD dataset: (1) YOLOv10s (https:/ /github.com/THU-
MIG/yolov10), representing modern CNN-based architectures with optimized gradient flow; (2) RI-DETR-
R50 (https://github.com/lyuwenyu/ RI-DETR), exemplifying Transformer-based real-time detection;
and (3) Ultra-Light-Fast-Generic-Face-Detector-1MB (ULFG-FD, https:/ / github.com/Linzaer /Ultra-Light-
Fast-Generic-Face-Detector-IMB/), an SSD-derived ultra-lightweight detector, highlighting anchor-based
designs under extreme model compression. This selection spans the full spectrum of contemporary detection
paradigms (CNNs, Transformers, and traditional single-shot detectors), enabling rigorous assessment of
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CurriCloud’s adaptive training across: (1) multi-scale feature fusion (YOLOV10s), (2) attention-based query
mechanisms (RT-DETR-R50), and (3) predefined anchor box systems (ULFG-FD).

4.1. Datasets

We evaluate our method on the ALPACLOUD dataset, as illustrated in Figure 4. ALPACLOUD
comprises 1786 high-resolution (1068x756 pixels) ground-based cloud images. These images consist
of two parts: one part is captured by ground-based camera sensors across seven Chinese provinces
including Beijing, Hainan, Guangdong, Fujian, Shandong, Hebei and Liaoning; the other part is
sourced from meteorological databases. ALPACLOUD was partitioned into 70.89% training set,
6.94% validation set, and 22.17% test set to ensure a balanced distribution for model evaluation.
The annotation process employed the Labellmg toolbox with rigorous quality control: connected
homogeneous clouds without obstacle occlusion are treated as a single target if their bodies are
continuous, and as two separate targets if their bodies are discontinuous.

Following WMO standards, the images are annotated with five cloud categories, as showcased
in Figure 4: (1) High clouds (High, 37.07%), (2) Low clouds (Low, 46.14%), (3) Altocumulus translu-
cidus (Ac tra, 5.94%), (4) Altocumulus lenticularis (Ac len, 5.38%), and (5) mammatus clouds (Ma,
5.49%). This composition ensures comprehensive coverage of cloud morphological variations while
incorporating challenging ground backgrounds common in operational nowcasting scenarios.

The statistical distribution closely mirrors natural cloud-type occurrence patterns, with high and
low clouds dominating in frequency. While specialized formations like Altocumulus translucidus,
Altocumulus lenticularis, and mammatus clouds exhibit lower incidence rates, their inclusion sig-
nificantly enhances model generalizability through spectral-spatial diversity infusion; this proves
particularly critical for enhancing nowcasting accuracy of high-impact meteorological phenomena.
Cloud Classification and Morphological Features are illustrated in Table 1.

Altocumulus Altocumulus Mammatus
translucidus (AcTra)  Lenticularis (Len) Clouds (Ma)

High Clouds (High) Low Clouds (Low)

Figure 4. Some representative cloud types in ALPACLOUD.
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Table 1. Class descriptions of cloud types in ALPACLOUD

Index Class Name WMO Name Base Height Proportion
Cirrus(Ci),
0 High Cirrocumulus (Cc), >20k ft 37.07%

Cirrostratus (Cs);
Cumulus (Cu),
1 Low Stratocumulus (Sc), <6.5k ft 46.14%
Stratus (St);

2 AcTra Altocumulus translucidus (AcTra); 6.5k - 20k ft 5.94%
3 Len Altocumulus lenticularis (AcLen); 6.5k - 20k ft 5.38%
Mammatus clouds
4 Ma (part of Cumulonimbus <6.5Kk ft 5.49%
(Cb)).

4.2. Evaluation Metrics

In our work, we employ mAP5(, Precision, Recall as the evaluation criterion to evaluate the
detection performance of our method. Considering the fractal structure and fuzzy edges of cloud
boundaries, these metrics are adaptively adjusted to accommodate the inherent uncertainties in cloud
morphology. Precision and Recall are respectively defined in Equations (5) and (6):

.. TP
Precision = m, (5)
TP
Recall = ——
T TP Y EN ©

where TP (True Positive) refers to the correctly detected cloud areas, both locations and categories. FP
(False Positive) represents the background areas misclassified as cloud or the incorrect cloud category,
FN (False Negative) indicates the undetected real cloud areas.

Based on Equations (5) and (6), we can obtain definitions for the Average Precision (AP) and
Mean Average Precision (mAP), as shown in Equations (7)and (8):

AP = 1PRdR 7

= | Pryd(®), @)
1 e

APsg = — Y AP.. (8)

m 50 Ncc_;

AP (Average Precision) is the area under the Precision-Recall curve for a single class. It integrates
precision across all recall levels.

The mAP5) (mean Average Precision at MAIoU=0.5) provides the average value of the AP for
each category, with N, denoting the number of cloud types in the whole dataset, where MAIoU
(meteorologically adaptive Intersection over Union) is defined as (9):

Area(P, N Gy)
Min(Area(P,), Area(Gy))’

MAIoU = )
where P, is the predicted box, and G is the ground truth box. Based on MAIolU , we propose a
meteorologically adaptive lenient-matching strategy that incorporates: (1) One-to-Many Matching
where a single prediction box can contain multiple homogeneous ground truth (GT) clouds, with
TP counts based on the number of valid prediction boxes; (2) Many-to-One Matching where multiple
predictions can match to a single GT cloud, with only the first matched prediction counted as TP and
subsequent matches not penalized as FP. Figure 5 shows examples of the calculation of the metrics.
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P:1 FP:0 FN:0

Figure 5. Examples of CurriCloud annotations and results (dark colors represent ground truth boxes, light colors
represent predicted boxes, and the same color scheme indicates the same category).

As shown in Figure 5(a), when a prediction box encloses multiple cirrus GTs, each unmatched
GT independently increments the TP count. Conversely, Figure 5(b) demonstrates that substructure
detections within cumulus layers contribute only 1 TP without triggering FPs. This strategy preserves
critical capabilities for tracking cloud system movements (via bounding box coordinates) while
significantly relaxing boundary precision requirements, better aligning with meteorological operational
needs.

4.3. Implementation Details

Our evaluation was conducted on the ALPACLOUD dataset using YOLOv10s (CNN-based),
RT-DETR-R50 (Transformer-based), and ULFG-FD (anchor-based). All experiments were performed
on a dedicated Ubuntu 22.04 workstation equipped with an NVIDIA GeForce RTX 4090 GPU and Intel
Core i9-14900HX processor, utilizing Python 3.9.21 and CUDA 12.6 for accelerated computing. For
each object detection model, CurriCloud sums the losses of all categories within each sample batch
with equal weights and uses this value as the UBL.

CurriCloud settings for different detector models are illustrated in Table 2.

Table 2. CurriCloud Settings for Different Detectors.

Detector Model Training Phase () Epochs Qom W
YOLOv10s e 1-9 o 10
() €71 10-49 0.5

ex: 50-99 0.7
ex3: 100-149 0.9

e3 150- 0
RT-DETR-R50 e1 1-9 o 20
%] €71: 10-29 0.7

exn: 3049 0.8
ex3: 50-99 0.9

e3 100- )
ULFG-FD e 1-9 o 20
%] €21: 10-29 0.7

e0:30-49 08
€3:50-99 0.9
es 100~ -
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We employed stochastic gradient descent (SGD) optimization for YOLOv10s and ULFG-FD,
adaptive moment estimation (Adam) for RT-DETR-R50, maintaining consistent optimizer choices
between conventional and CurriCloud training regimes to ensure fair comparison.

4.4. Results

Comparative experimental results demonstrated that CurriCloud consistently outperformed con-
ventional training methods in mAPs5; performance metrics across all architectures. Sensitivity analyses
of the loss window length (w) and loss threshold () yielded deployment-specific optimization guide-
lines.

Experimental results are presented in Table 3.

Table 3. Performance comparison between conventional training and CurriCloud on ALPACLOUD dataset (mAPs5q,
Precision, and Recall reported in decimal format).

Model Category Model Training Regime mAP5) Precision Recall
CNN Based YOLOv10s Conventional 0.800 0.943 0.820
CurriCloud(Ours) 0.821 0.955 0.787

ULFG-FD Conventional 0.442 0.878 0.557

CurriCloud(Ours) 0.556 0.835  0.593

Transformer Based RT-DETR-R50 Conventional 0.863 0.977 0.780
CurriCloud(Ours) 0.875 0.975 0.813

The experimental results demonstrate that CurriCloud consistently enhances detection perfor-
mance across all architectures, with notable improvements observed for YOLOv10s (+2.1% mAPs,
0.800—0.821) where its dynamic difficulty adaptation effectively addresses the model’s sensitiv-
ity to complex cloud formations. Most notably, ULFG-FD achieves a 11.4% relative improvement
(0.442—0.556), highlighting the framework’s particular efficacy for single-shot detectors in meteorolog-
ical applications. The Transformer-based RT-DETR-R50 maintains its high baseline performance with
a 1.2% gain (0.863—0.875), confirming stable integration with attention mechanisms. Precision-recall
characteristics diverge by architecture: (1) YOLOv10s shows increased precision (0.943—0.955) with
reduced recall (0.820—0.787), suggesting optimized confidence calibration; (2) ULFG-FD maintains
comparable precision (0.878%—0.835) while improving recall (0.557—0.593); and (3) RT-DETR-R50
sustains exceptional precision (0.977—0.975) while substantially increasing recall (0.780—0.813). These
findings validate CurriCloud’s robust adaptability across diverse detection paradigms in ground-based
cloud observation systems.

Figure 6 presents a comparative visualization between CurriCloud’s detection results and conven-

tional training regimes.

High 061
TPFP.IFN z
B o\ 0
e

(a) RT-DETR (Conventional) (b)YOLOV10s (Conventional) (c)YOLOV10s (Conventional) (d)SSD (Conventional)

) RT-DETR (CurriCloud) (b’)YOLOV10s (Curricloud) (c')YOLOV10s (Curricloud) (d")SSD(Curricloud)

Figure 6. Visualization of test results on ALPACLOUD.
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In case (a), the baseline RT-DETR-R50 model erroneously classified a rapeseed field as Altocumu-
lus translucidus, this error was successfully resolved through CurriCloud. Case (b) is dense low-cloud
scenarios, the baseline YOLOv10s exhibited two false negatives,but CurriCloud successfully recalled all
of them. Case (c) addressed the spectral similarity between Altocumulus translucidus and cirrostratus
clouds, the baseline YOLOv10s model misidentified part of it as high clouds, but this error was
eliminated by CurriCloud. In case (d), while the baseline ULFG-FD approach missed three low-cloud
instances, CurriCloud reduced omission errors to a single instance.

4.5. Ablation Study

We conducted comprehensive experiments to evaluate two core hyperparameters governing
CurriCloud’s adaptive behavior: (1) the loss sliding window queue length (w), which determines
the memory capacity for tracking recent batch losses and stabilizes difficulty estimation, and (2) the
phase-specific threshold quantiles (@21, ¢22, andgy3) that systematically increase sample difficulty
during the dynamic curriculum stage. All experiments maintained consistent settings including
architecture-specific optimizers (SGD for CNNs/Adam for Transformers) and fixed mini-batch sizes
(YOLOV10s: 16, ULFG-FD: 20, RT-DETR-R50: 4) on the ALPACLOUD dataset.

Table 4 presents the parameter ablation study of CurriCloud on the ALPACLOUD, evaluating
different queue lengths (w) and threshold quantiles (¢y1, @22, and¢,3). Numbers in the CurriCloud
regimes are composed of the loss queue length w and ¢, (921, 922, and¢p3) multiplied by 10.

Table 4. Parameter ablation study of CurriCloud with varying queue lengths (w) and threshold quantiles @y1, @2,
and ¢p3 on ALPACLOUD. Bold indicates exceeding the model baseline, and red represents the best performance
of the parameter in this model.

Model CurriCloud (Ours) w Prm mAPs5y Precision Recall
P21 P22 P23

Conventional _ - - — 0.800 0.943 0.820

loss10579 10 05 07 09 0.821 0.955 0.787

loss10789 10 07 08 09 0.820 0.963 0.724

Yolov10s 1oss20579 20 05 07 09 0.831 0.939 0.756
1oss20789 20 0.7 0.8 09 0.810 0.942 0.799

loss40579 40 05 0.7 09 0813 0.964 0.745

loss40789 40 05 07 09 0772 0.910 0.801

Conventional _ = = = 0.442 0.878 0.557

loss10579 10 05 07 09 0.554 0.845 0.550

loss10789 10 07 08 09 0.500 0.836 0.621

ULFG-FD loss20579 20 05 07 09 0519 0.860 0.621
loss20789 20 0.7 0.8 09 0.556 0.835 0.593

loss40579 40 05 07 09 0488 0.811 0.593

loss40789 40 0.7 08 09 0.496 0.823 0.609

Conventional —_ - - — 0.863 0.977 0.780

loss10579 10 05 07 09 0.865 0.966 0.810

loss10789 10 07 08 09 0.851 0.971 0.789

RT-DETR-R50 loss20579 20 05 0.7 09 0.857 0.977 0.794
1oss20789 20 0.7 08 09 0.875 0.975 0.813

loss40579 40 05 07 09 0839 0.968 0.773

loss40789 40 05 07 09 0824 0.984 0.705

The ablation study results in Table 4 demonstrate distinct optimization patterns for each architec-
ture. Sensitivity analysis and implementation recommendations are as followings.

Loss Sliding Window Queue Length (w) Analysis: The queue length (w) fundamentally governs
three critical aspects of the curriculum learning process: (1) temporal granularity, where smaller values
(w = 10) enable rapid difficulty adaptation to dynamic cloud patterns; (2) estimation stability, as
larger windows (w = 20-40) reduce threshold volatility through extended loss observation; and (3)
memory-accuracy tradeoff, where w = 20 achieves the peak mAPs5, of 0.875 with significantly lower
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memory usage than w = 40, making it ideal for operational deployment in ground-based cloud
observation systems.

Phase-Specific Threshold Analysis: Phase-specific threshold quantiles ( @21, @22, ¢23 ) in Curri-
Cloud’s dynamic curriculum learning stage (e2) were designed to progressively increase the difficulty
of the sample through three pedagogically structured subphases: Phase ep; employs ¢p; = 0.5 for a
wide coverage of difficulty to establish robust feature representations, Phase ey, transitions to ¢ = 0.7
for intermediate difficulty optimization, and Phase e;3 focuses on challenging samples with @3 = 0.9.

This graduated approach yields architecture-specific benefits: (1) For YOLOv10s, the [0.5,0.7,0.9]
configuration achieves optimal mAPs5; (0.821) and precision (0.955) with w = 10, suggesting early-
phase low threshold ( @1 = 0.5 ) helps maintain feature diversity, and late-phase high threshold
(¢23 = 0.9) effectively filters outliers, demonstrating CNNs’ preference for explicit difficulty staging;
(2) RT-DETR-R50 performs best ( mAP5¢=0.875, recall=0.813 ) using [0.7,0.8,0.9] and w = 20, reflecting
that transformer architectures benefit from earlier focus on medium-difficulty samples and gradual
threshold increase (0.7—0.8—0.9) matches self-attention’s learning dynamics; while (3) ULFG-FD
maintains stable performance (mAPsy 0.554-0.556) across w = 10-20 with ¢ = [0.5,0.7,0.9], showing
simpler detectors’ robustness to parameter variations. The systematic progression ¢ proves to be
particularly effective for cloud differentiation.

Implementation recommendations: For optimal deployment in ground-based cloud systems, we
recommend: (1) CNN architectures (YOLOv10s) adopt w = 10 with threshold scheme [0.5,0.7,0.9] to
achieve 0.955 precision; (2) Transformer architectures (RT-DETR-R50 [38]) use w = 20 with [0.7,0.8,0.9]
for 0.813 recall; (3) Legacy models (ULFG-FD) employ flexible w = 10 20 with [0.5,0.7,0.9]. Scenario-
specific tuning suggests w = 20 for short-term nowcasting (capturing rapid cloud evolution) and
w = 10 for climate monitoring (reducing false cirrus detection). Hardware constraints dictate w = 10
for edge devices (40% memory savings) and w = 20 for cloud servers, all validated on ALPACLOUD'’s
diverse meteorological data.

4.6. Comparative Study

We conducted a comparison between our proposed loss-based dynamic difficulty assessment
method (CurriCloud) and static evaluation approaches-Static CL, which is based on physical charac-
teristics of the cloud image. Following established principles of visual search difficulty in human
perception studies [34], we selected two key indicators: (1) diversity of cloud category (Metric 1), which
is the number of distinct cloud types per image; (2) target size (Metric 2), which is the relative area
of cloud regions (bounding box area to image area ratio). The static difficulty values were computed
by weighting these metrics and remained fixed during training. We implemented the three-phase
training strategy as CurriCloud for comparison, with different threshold combinations: (1) Pre12-579:
Metrics 1+2 with thresholds (0.5/0.7/0.9) for YOLOv10s, and (2) the same threshold combination for
RT-DETR-R50. The results are shown in Table 5.

Table 5. Performance comparison with identical hyperparameters across all methods.

Model Training Regime mAPs5y Precision Recall
YOLOvV10s Conventional (Baseline) 0.800 0943  0.820
loss10579(CurriCloud) 0.821 0955  0.787
prel2-579 (Static CL) 0.802 0.953 0.766
RT-DETR-R50 Conventional (Baseline) 0.863 0977  0.780
loss20789CurriCloud 0.875 0975  0.813
prel2-579 (Static CL) 0.857 0985  0.770

As shown in Table 5, our dynamic method CurriCloud loss10579 (YOLOv10s) and CurriCloud
10ss20789 (RT-DETR-R50) achieved a mAPs5 of 1.8 - 1.9% higher than the corresponding static methods.
The precision-recall trade-off shows dynamic assessment better maintains balance. For YOLOv10s,
Prel12-579 showed 0.8% precision improvement but suffered 5.4% recall drop; For RT-DETR-R50,
Pre12-579 achieved peak precision (0.985) but with recall penalty (1.0% decrease).
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Figure 7 present the comparative analysis of loss-epoch curves respectively for the three strategies
on YOLOv10s and RT-DETR-R50 architectures.

Epoch - Average Batch Loss - RTDETR Epoch - Average Batch Loss - YOLOv10
45 —— conventional 225 —— conventional
2 40 l0ss20789 9 200 loss10579
S —— prel2 S —— prel2
< 35 < 175
© 150
m 30 [aa]
& L1125
© 25 o
] 0 100
Z 20 ES
75
15
0 20 40 60 80 100

Epoch

Figure 7. Loss-epoch curves and precision-recall (P-R) performance respectively for the three strategies on
YOLOv10s and RT-DETR-R50 architectures.

Due to the fact that CurriCloud skips some batches, the number of samples within each epoch is
reduced. When the horizontal axis is epoch, the descent rate of the loss curve slows down. However,
the loss when achieving the best effect does not change significantly compared with that of the
conventional model. Figure 8 is the Precision-Recall (PR) curves comparing three training paradigms
— conventional (baseline), CurriCloud (proposed), and Static-CL — across three object detection

architectures.
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Figure 8. (P-R) performance for the three strategies on YOLOv10s and RT-DETR-R50 architectures, respectively.

As shown in Figure 8, for RT-DETR-R50, CurriCloud (1oss20789) improves the AP of high clouds
from 0.741 to 0.789 and the AP of low clouds from 0.768 to 0.798, with almost no change in the AP of
other classes, thus enhancing the recognition performance of common cloud types. For YOLOv10s,
although the APs of high clouds and low clouds decrease slightly, CurriCloud (loss10579) increases
the AP of Altocumulus translucidus from 0.785 to 0.874 and the AP of mammatus clouds from 0.901
to 1.000, improving the recognition performance of rare cloud types. By contrast, the performance
improvement of Static CL (pre12-579) is less pronounced. In summary, CurriCloud demonstrates distinct
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improvements in recognizing common and rare cloud types across different models, outperforming
Static CL (prel2-579) in performance enhancement.

5. Conclusions

This study presented CurriCloud, a dynamic curriculum learning framework to optimize cloud de-
tection by addressing sample difficulty variation. The key innovation lies in its self-adaptive difficulty
assessment, which ensures optimal alignment between sample difficulty and the model’s evolving
capability while maintaining compatibility with mainstream detectors (YOLOv10s, RT-DETR-R50,
and ULFG-FD). The phase-wise scheduling strategy proved particularly effective for fine-grained
cloud type discrimination, offering immediate value for automated meteorological observation. Pa-
rameter studies further demonstrate its adaptable configuration strategies and superior performance
across different detector architectures under varying application requirements. Future work will inte-
grate meteorology-defined cloud image difficulty metrics with adaptive loss functions, investigating
enhanced cloud detection efficacy through curriculum learning strategies.
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