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Abstract. Accurate precipitation forecast verification (PFV) is essential for improving forecasting models and supporting 

disaster management. However, current PFV methods remain limited, point-to-point matching is overly sensitive to minor 

errors, whereas spatial verification typically necessitates parameter tuning or heuristic rules derived from expert knowledge, 15 

which constrains their availability. To tackle these issues, we are inspired by the success of deep learning in image 

verification through extracting high-level features, and thus propose a self-supervised contrastive learning-based PFV 

method (CLPFV). First, CLPFV uses precipitations augmentation (displacement, intensity, area) to simulate actual forecast 

errors and construct positive and negative training sample pairs. Subsequently, with a novel loss function proportionally 

penalizing forecast errors, a backbone network is trained in CLPFV to extract high-level precipitation features. Finally, the 20 

cosine similarity of features is calculated as CLPFV’s verification score. Experiments demonstrate that CLPFV outperforms 

traditional and spatial verifications in different degrees of forecast errors and aligns better with expert assessments. In 

general, CLPFV offers an efficient deep learning solution for PFV tasks. 
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1 Introduction 25 

Precipitation forecasting is crucial for many practical applications such as transportation management, agricultural 

production, and disaster mitigation (Saavedra Valeriano et al., 2010). However, due to the complexity of precipitation 

formation and its numerous influencing factors, precipitation forecasting remains one of the most challenging meteorological 

issues (Chen et al., 2024), whilst precipitation forecast verification (PFV) is also a crucial step in the corresponding studies 

(Zhu et al., 2022). Therefore, developing a reliable PFV method is essential for understanding forecasting quality and 30 

promoting forecast model improvements (Xu et al., 2021), because reliable verifications could accurately reflect the specific 
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degree of forecast error, thereby providing targeted guidance for refining precipitation forecasting techniques. (Lee et al.,  

2011; Dorninger et al., 2020). 

Precipitation forecast error, i.e., the deviation between forecasted and observed precipitations, mainly manifests in three 

aspects: 1) displacement error, i.e., the deviation in spatial positions, 2) intensity error, i.e., the deviation in precipitation 35 

intensity, 3) area size error, i.e., the deviation in area. Therefore, the PFV needs to comprehensively account for these three 

aspects to ensure the reliability of its verified forecast errors (Ebert et al., 2009; Li et al., 2024). The existing PFV methods 

are usually categorized into three classes: expert manual verification methods, traditional point-to-point verification methods, 

and spatial verification methods (Cassola et al., 2015). Expert manual verification methods primarily rely on experts’ 

professional knowledge to carry out the verification through visual inspections. Although this kind of method is 40 

straightforward and expert-endorsed, it is labor-intensive and time-consuming, susceptible to subjective bias, restricting 

large-scale applications. 

To improve verifying efficiency, point-to-point verification methods were developed and have been widely used (Rossa et al., 

2008). They automatically compare forecasted and observed precipitations at matching grids, generating verification scores 

such as probability of detection (POD), false alarm ratio (FAR), and threat score (TS) to quantify forecast accuracy. 45 

Traditional point-to-point methods can reliably differentiate between the completely accurate precipitation forecasting and 

significantly deviated one via their verification scores. However, their grid-to-grid matching strictly makes them overly 

sensitive to minor forecast errors, especially in high-resolution precipitation forecasting tasks (van der Plas et al., 2017; Gofa 

et al., 2022). For example, traditional point-to-point verification methods frequently encounter the “double penalty” problem, 

where minor displacement errors receive double penalties (both False Alarms and Misses), consequently leading to 50 

underestimated forecast accuracy (Jain et al., 2023).  

To mitigate the oversensitivity of verification to minor errors, researchers have developed a series of spatial verification 

methods (Gofa et al., 2018), among which neighborhood methods and object-based methods are representative (Gilleland et 

al., 2009; Gilleland et al., 2010; Dorninger et al., 2018). Neighborhood methods introduce neighbor buffering operations to 

the grids of forecasted precipitations in the verification process, thereby contributing to tolerance of minor displacement 55 

errors (Roberts and Lean, 2008; Mittermaier and Roberts, 2010). Object-based methods verify forecasted precipitations with 

grids-based statistical metrics as their object indicators instead of matching their individual grids to generate verification 

scores (Davis et al., 2006; Wernli et al., 2008; Wernli et al., 2009). Although spatial verification methods can achieve better 

precipitation forecast verifications, their effectiveness often relies on appropriate parameters and rules tailored to the specific 

task, which typically require extensive expert knowledge or numerous pre-experiments. In practice, however, these 60 

requirements are often difficult to meet, significantly limiting the availability of spatial verification methods. More notably, 

if the parameters and rules are improperly set, spatial verification methods may not only be inaccurate enough but could even 

underperform traditional point-to-point methods. Moreover, current spatial verification methods still struggle to effectively 
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handle inappropriate verifications of intensity and area size errors. Therefore, a more comprehensive verification method is 

needed to tolerate minor errors yet penalize significant ones, thereby better reflecting the varying degrees of error.  65 

The limitation of existing spatial verification methods essentially stems from their reliance on predefined parameters and 

rules, preventing them from truly capturing the spatial distributions of observed and forecast precipitation fields. 

Consequently, conducting PFV from an overall structural perspective promises more reliable results. Inspired by this, we 

propose a deep-learning-based PFV method that evaluates forecast performance by comparing the overall high-level features 

of observed and forecasted precipitations. This approach leverages the exceptional capabilities of deep learning in simulating 70 

human cognitive processes and extracting complex features, as well as its remarkable success in image verification practices 

in recent years (Gidaris et al., 2018; Oord et al., 2018; Qiu et al., 2023). Furthermore, it is particularly important to note that 

deep learning models typically require labeled training data, but the costs of labeling and the complexity of precipitation 

forecasting tasks have limited the number of available labeled samples. In other words, addressing the issue of lacking 

labeled samples properly is the key to ensuring the practical applicability of verification based on deep learning. In sight of 75 

this, self-supervised learning (SSL) is a well-suited approach, which uses pretext tasks to generate supervised signals from 

unlabeled data for implementing the learning process (Liu et al., 2021). Among various SSL models, contrastive learning 

(CL) suits the precipitation forecast verification tasks well, which can automatically learn the representative features from 

the data by comparing the similarities and differences between augmented and different unlabeled samples (Saunshi et al., 

2019, Xu et al., 2025), achieving competitive verifications without the need for labeled samples (He et al., 2016; Chen et al., 80 

2020; Grill et al., 2020). 

Based on the above considerations, this paper proposes a self-supervised precipitation forecast verification method based on 

contrastive learning (CLPFV), which can train deep neural networks to extract high-level abstract features for verification 

without the need of labeled data, and reflecting different degrees of forecast errors by multi augmentations and improved 

loss function. The remainder of this paper is organized as follows. Section 2 introduces the proposed method. Next, we 85 

discuss the experiments and results in section 3. Finally, section 4 provides a summary and conclusion. 

2 Methodology 

In this section, we present the proposed verification method, named CLPFV, in detail. The core idea of CLPFV is to conduct 

the verification by shifting from grid-matching to an overall high-level structural similarity comparison through self-

supervised contrastive learning. To be more specific, we first used multi-dimensional precipitation augmentations in CLPFV 90 

to create intrinsic supervisory signals from unlabeled data to address the scarcity of labeled samples. Subsequently, we 

designed an improved contrastive loss function that applies proportional penalties to forecast errors when extracting high-

level precipitation features, thereby reasonably reflecting the gradient of errors. Finally, the result is directly calculated by 



 

4 

 

comparing the high-dimensional features of observed and forecasted precipitations, achieving the verification from an 

overall structural perspective. 95 

Following this basic idea, the framework of CLPFV consists of three stages as illustrated in Fig. 1: precipitations 

augmentation, features extraction, verification score calculation. In the first stage, the original precipitations are multi 

augmented in displacement, intensity, and area size to simulate realistic precipitation forecast errors with different degrees, 

addressing the problem of lacking labeled samples noted in the introduction, where the multi augmented precipitations and 

their corresponding original precipitations form positive sample pairs, while different original precipitations serve as 100 

negative pairs. In the stage of features extraction, based on these sample pairs, a deep learning network, ResNet-18 adopted 

in this research, is trained through the improved contrastive loss function to extract high-level abstract features of 

precipitation. The above two stages constitute the training process of CLPFV. As to the practical application of CLPFV (i.e., 

the final stage of verification score calculation), the forecasted and observed precipitations will be input into the trained deep 

learning network to obtain their features, and then the feature-based similarity is calculated as the verification score. The 105 

specific steps of CLPFV are introduced in the following contents. 

 

Figure 1: The overall framework of CLPFV. 

2.1 Precipitations Augmentation 

As Li et al. (2024) stated, precipitation forecast errors can be primarily manifested by three aspects: displacement, intensity, 110 

and area size. While these three aspects fall short of providing a comprehensive depiction of the spatial morphology and 

structure of precipitation, they offer a straightforward and quantitative assessment of forecast errors and are commonly used 

in PFV studies (Ebert et al., 2009). Therefore, the augmentations of original precipitations in CLPFV should be accordingly 
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set as Fig. 2 illustrated. Notably, to simulate the varying degrees of forecast errors in real-world precipitation forecasting, we 

apply multi augmentations with different magnitudes to the original precipitations, rather than only using a single 115 

augmentation. 

 

Figure 2. Visualizations of displacement augmentation, intensity augmentation, and area size augmentation. For each row, left 

column represents the original precipitations, right column represents the augmented precipitations, with outer circle coverage 

denoting precipitation area size and colour shading indicating precipitation intensity. 120 

Given that the precipitation field data are raster data, any precipitation field can be described as a set of its contained 

precipitation grids 𝑥𝑘. Then Eq. (1) presents the matrix expression of 𝑥𝑘, where i is the row number of 𝑥𝑘, j is the column 

number of 𝑥𝑘, and p is the precipitation intensity value of 𝑥𝑘. In this way, the precipitation augmentation process can be 

expressed as a transformation operation performed on 𝑥𝑘 with a matrix 𝑀. All transformed grids 𝑥𝑘
′  form the augmented 

precipitation. By controlling the values of its elements, transformation matrix 𝑀 can simulate any specified degree of three 125 

kinds of precipitation errors, laying the foundation for conducting comprehensive experiments with diverse scenarios of 

precipitation forecasting. 

𝑥𝑘 = [
𝑖
𝑗
𝑝

] (1) 

Displacement augmentation is to mimic displacement errors of forecasted precipitations. Transformation matrix 𝑀 here is 

expressed by Eq. (2), where 𝑑𝑖 and 𝑑𝑗 represent the offsets of the precipitation grid in the latitude (row) and longitude 

(column) directions respectively, and displacement error can be calculated as √𝑑𝑖2 + 𝑑𝑗2. Displacement augmentation can 130 

be expressed as adding 𝑥𝑘 and 𝑀 shown in Eq. (3).  

𝑀 = [
𝑑𝑖
𝑑𝑗
0

] (2) 
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𝑥𝑘
′ = 𝑥𝑘 + 𝑀 = [

𝑖 + 𝑑𝑖
𝑗 + 𝑑𝑗

𝑝
] (3) 

Intensity augmentation is designed to simulate precipitation intensity errors of forecasted precipitations, where increasing or 

decreasing every grid’s precipitation intensity value to a certain extent. Transformation matrix 𝑀 here is expressed by Eq. 

(4), where 𝑡 denotes the proportion of precipitation increase/decrease, and then intensity augmentation can be expressed as 

Eq. (5). 135 

𝑀 = [
1 0 0
0 1 0
0 0 1 + 𝑡

] (4) 

𝑥𝑘
′ = 𝑀 × 𝑥𝑘 = [

𝑖
𝑗

𝑝(1 + 𝑡)
] (5) 

Precipitation area size augmentation is designed to simulate area size errors of forecasted precipitations, by scaling the 

precipitation region to a certain proportion. Scaling is performed around the centroid (𝑖𝑐 , 𝑗𝑐) of the precipitation grids with a 

scaling percentage denoted 𝑠, and it consists of three steps. First, move the precipitation region until its centroid arrives at the 

coordinate origin (0,0). Next, scale the moved precipitation region. Finally, move the scaled precipitation region back until 

its centroid returns to (𝑖𝑐 , 𝑗𝑐). Hence, there are three transformation matrixes (i.e., 𝑀1, 𝑀2, and 𝑀3 shown in Eq. (6)) used 140 

here, and the scaling transformed grid 𝑥𝑘
′  can be expressed by Eq. (7). Since scaling will cause changes in the number and 

positions of precipitation grids, it is necessary to interpolate the scaled grids. Specifically, when the precipitation is enlarged, 

gaps will appear between the scaled grids, and it will be filled with bilinear interpolation. When the precipitation is reduced, 

there will be multiple scaled grids at the same coordinate, and we average their precipitation intensities to obtain the final 

value of that coordinate. 145 

𝑀1 = [
−𝑖𝑐

−𝑗𝑐

0
] , 𝑀2 = [

𝑠 0 0
0 𝑠 0
0 0 1

] , 𝑀3 = [
𝑖𝑐

𝑗𝑐

0
] (6) 

𝑥𝑘
𝑠 = (𝑀2 × (𝑥𝑘 + 𝑀1)) + 𝑀3 = [

𝑠(𝑖 − 𝑖𝑐) + 𝑖𝑐

𝑠(𝑗 − 𝑗𝑐) + 𝑗𝑐

𝑝
] (7) 

These augmented precipitations, along with the original ones, form positive sample pairs, while different original 

precipitations forming negative sample pairs. Together, these positive and negative sample pairs provide the training data for 

the next stage of features extraction. By precipitations augmentation and features extraction, CLPFV can train models using 

original precipitations samples even without artificial labels, and finally conduct automated precipitation forecast verification. 
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2.2. Features extraction 150 

In the stage of features extraction, an encoder is constructed to convert precipitations data (in raster format) into high-level 

abstract features that capture key patterns, which enables the next stage to calculate verification scores by quantifying the 

feature-based similarity between forecasted and observed precipitations. Two components are critical in this encoder: the 

backbone network, which converts raster data into feature vectors, and the loss function, which optimizes the 

representativeness of high-level abstract features. 155 

In this research, we employ ResNet-18 as the backbone network because it can effectively alleviate the vanishing gradient 

issue and has the advantage of being lightweight (He et al., 2016). As Fig. 3 illustrated, ResNet18 starts initial features 

extraction of precipitation raster data via a convolutional kernel of 7×7 size and a stride of 2. Subsequently, a max pooling 

layer also with a stride of 2 reduces the size of the feature maps, thereby decreasing the complexity of the subsequent 

computations. The feature maps are then input into four residual blocks, each containing two 3×3 convolutional layers and 160 

one 1×1 convolutional layer. In these four residual blocks, the number of channels in the 3×3 convolutional layers is set to 

64, 128, 256, and 512 in succession. This incremental setup facilitates the network in progressively extracting richer 

information about the precipitation raster data. The presence of the 1×1 convolutional layer effectively alleviates the 

vanishing gradient problem commonly encountered in the networks. After the residual blocks, an average pooling layer with 

a stride of 2 is employed to further reduce the size of the feature maps. Finally, these features are connected to a fully 165 

connected layer, generating a high-level features vector that captures of the precipitation raster data. To minimize feature 

redundancy and improve their representation, a projection head is added to the end of backbone network based on a 

multilayer perceptron structure (Chen et al., 2020), which is responsible for reducing the features’ dimensionality output by 

the backbone network. Specifically, the projection headfirst takes the backbone network’s output features vector as input, 

applies a linear transformation through a fully connected layer, and then uses an activation function to introduce non-170 

linearity into the features, ultimately outputting a low-dimensional features vector. 
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Figure 3. Structure of the network for features extraction. 

After determining to employ ResNet-18 as the backbone network, it is necessary to use appropriate loss functions in the 

training process to guide the network optimization. Since conventional contrastive learning verification tasks only need to 175 

determine whether data belongs to a specific category or identify its class membership, their loss functions can just pull 

positive samples closer while push negative samples apart in the features space, e.g., InfoNCE (Oord et al., 2018), one of the 

mostly used loss functions. However, CLPFV is designed to reflect different degrees of forecast errors by its verification 

scores, which demands the loss function not only to distinguish between positive and negative samples but also to 

differentiate positive samples with varying tiers (i.e., precipitations with multi augmentations) to reflect the error degrees. To 180 

achieve this, we represent an improved loss function by connecting a penalty term with InfoNCE. As illustrated in Fig. 4, 

this improved loss function maintains the capability of pulling positive samples closer and pushing negative samples apart, 

moreover, it additionally introduces corresponding penalties based on the augmentation scale of precipitations.  
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Figure 4. Schematic diagram of the improved loss function of CLPFV. Circles of the same color palette represent the data of an 185 
original precipitation and its augmented precipitations. 

Eq. (8) shows CLPFV’s loss function in detail, where 𝑓𝑖 is the ith original precipitation, 𝑓+ is its augmented precipitation (i.e., 

its positive sample), and 𝑓− is another original precipitation (i.e., its negative sample). All of them (𝑓𝑖 , 𝑓+ , and 𝑓−) are 

temporary extracted features of corresponding precipitations in the training process. 𝑝(𝑓+) is the punishment function of 

augmented precipitations. Eq. (9) shows the specific equation of punishment function 𝑝(𝑓+), which is the combination of the 190 

magnitude square of all kinds augmentations 𝑚 with a penalty coefficient 𝜆. Since CLPFV should tolerate minor forecast 

errors while reflecting significant ones, the greater the magnitude of augmentation, the stronger the penalty will be. 

Additionally, since both intensity and area size augmentation can be set in either positive or negative directions, a quadratic 

function is suitable and is therefore adopted as 𝑝(𝑓+) in this research. Specifically, the quadratic function provides a smooth 

and differentiable penalty for model training and features extraction. It ensures the forecast verification remains tolerant of 195 

minor errors while applying increasingly strict penalties to larger errors, effectively distinguishing different ties of forecast 

quality. 

𝐿𝐶𝐿𝑃𝑉 =  𝐿𝐼𝑛𝑓𝑜𝑁𝐶𝐸 + 𝐿𝑝𝑒𝑛𝑎𝑙𝑡𝑦 = − log
exp (

(𝑓𝑖 ∙ 𝑓+)
𝜏

)

∑ exp (
(𝑓𝑖 ∙ 𝑓−)

𝜏
)

+ |𝑓𝑖 ∙ 𝑓+ −  𝑝(𝑓+)| (8) 

𝑝(𝑓+) = 𝜆 ⋅ (𝑚𝑑𝑖𝑠𝑝𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡
2 + 𝑚𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦

2 + 𝑚𝑎𝑟𝑒𝑎 𝑠𝑖𝑧𝑒
2) (9) 

During the training process, guided by the target of minimizing the improved loss function, ResNet-18 and the extracted 

features are iteratively refined. This enables the final extracted high-level abstract features to be more representative of 

precipitations.  200 
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2.3. Verification Score Calculation 

Since CLPFV evaluates precipitation forecasts from a holistic perspective, rather than being based on grids like existing 

methods (point-to-point and spatial verification methods), it means that CLPFV cannot directly use the verification scores of 

existing methods (e.g., TS score). Consequently, CLPFV requires a specifically designed verification score. 

After stages 1 and 2, CLPFV extracts high-level feature vectors from the forecasted and observed precipitations respectively. 205 

Their similarity can ideally reflect the accuracy of precipitation forecasts: higher similarity indicates more accurate forecasts, 

while lower similarity suggests larger forecast errors. Therefore, the verification score of CLPFV should be directly 

calculated via the similarity of feature vectors. 

Considering that cosine similarity can avoid the impact of features lengths and is better to capture the essential similarity, we 

employ it to calculate the similarity between the forecasted and observed precipitations as CLPFV’s verification score. Then 210 

Cosine similarity (verification score of CLPFV) can be expressed as Eq. (10), where 𝑓F  and 𝑓O  here are final extracted 

feature vectors of forecasted and observed precipitations respectively.  

𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝑓𝐹 , 𝑓𝑂) =
𝑓𝐹 · 𝑓𝑂

|𝑓𝐹||𝑓𝑂|
 (10) 

3 Experiments & Discussions 

CLPFV is proposed to address the oversensitivity to minor forecast errors (e.g., the “double penalty” problem) while 

accurately reflecting varying degrees of precipitation forecast errors. Accordingly, we first designed comprehensive 215 

experiments covering diverse forecast errors scenarios, comparing CLPFV with traditional point-to-point and spatial 

verifications methods. In addition, to investigate the effectiveness of CLPFV in approximating expert manual verification, 

we conducted survey experiments with experts’ verifications. The contents of experiments and discussions of results are 

presented by this section in detail. 

3.1. Datasets 220 

We employed the IFS (Integrated Forecasting System) dataset (Persson and Grazzini, 2007) to train CLPFV and conduct 

comparative experiments, covering East China region (28ºN to 34.5ºN, 115ºE to 122ºE) for the period 2017 to 2021, with 

spatial resolution of 0.125º and temporal resolution of 3 hours. This dataset contains 17622 precipitations samples. All 

samples are divided into two parts at a ratio of around 3:1 through alternating sampling, with 13500 used for training and 

remaining 4122 used for testing. An example of used IFS precipitation sample is given in Fig. 5. 225 
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Figure 5. Examples of the IFS precipitations used in comparative experiments. 

To conduct experts survey experiments, we used the analysis and forecast products provided by CMA (China Meteorological 

Administration) covering the Central-South China region (22.1ºN to 32.6 ºN，106.25 ºE to 116.7ºE) for the period of April 

2018. We specifically selected a different research area and period to conduct expert survey experiments, aiming to examine 230 

whether the contrastive learning based CLPFV possesses good generalization capability, rather thanmerely achieving high 

accuracy due to overfitting to the training data. The used CMA dataset contains a subset of analysis precipitation product as 

observed precipitations, known as CMPAS (CMA Multisource Precipitation Analysis System, Shen et al., 2018) and three 

subsets of forecasted precipitations from different operational numerical weather prediction models (regional short-term and 

mesoscale (MESO), GuangDong (GD), and ShangHai (SH)) provided by CMA. The CMA precipitation data have an 235 

identical time resolution of 3 hours and were uniformly interpolated to a spatial resolution of 0.125° too. The dataset CMA 

consists of seven samples, each corresponding to one of the seven questions in the expert survey questionnaire. Each sample 

contains one observed and three forecasted precipitation products at identical timestamps. An example of the observed 

precipitation distribution from the CMA dataset is given in Fig. 6.  

 240 

Figure 6. Examples of the CMA precipitations used in experts survey experiments.  

3.2. Comparative Experiments 

In this research, the comparison methods for CLPFV are selected as follows.  
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(1) Traditional point-to-point methods with POD, FAR, and TS. These verification scores are calculated based on Hits (true 

positives), False Alarms (false positives), and Misses (false negatives) of the precipitation forecasting confusion matrix. The 245 

POD measures how point-to-point methods accurately identify actual rainfall events, calculated as (Hits / (Hits + Misses)). 

The FAR measures the forecast precision and is calculated as (False Alarms / (Hits + False Alarms)). The TS provides a 

more balanced measure by calculating (Hits / (Hits + Misses + False Alarms)), effectively penalizing both Misses and False 

alarms to give a robust score of forecasting performance.  

(2) Spatial verification methods with Fractions Skill Score (FSS) and Structure-Amplitude-Location (SAL) metrics. FSS is a 250 

commonly used neighborhood method (Roberts and Lean, 2008), FSS calculates the verification score by comparing the 

ratio of precipitation grids between forecasted and observed precipitations within a specifical window. In practical 

applications, due to constraints such as the high cost of knowledge acquisition and limited time, FSS and other spatial 

verification methods often struggle to achieve full adaptation to the target task through in-depth preparations of their 

parameters and rules. Therefore, instead of relying on expert knowledge or adequate pre-experiments to determine the 255 

window size, we directly employed the two most used window sizes of 5 (FSS-5) and 10 (FSS-10) (Ayzel et al., 2020) in 

this research. As to SAL, it is a representative object-based method (Wernli et al., 2008). SAL provides the verification score 

by combining three indicators, i.e., combining structure (S), amplitude (A), and location (L), corresponding to the errors in 

precipitation area, intensity, and displacement, respectively. 

CLPFV, POD, TS, and FSS have the same value range of [0, 1], whereas their higher values all indicate more accurate 260 

forecasts. But FAR, S, A, and L follow the opposite trend, i.e., their smaller absolute values represent more accurate 

forecasts. To facilitate experimental results presentation and comparative analysis, we normalized FAR, S, A, and L to the 

same value range of [0, 1], with higher normalized values now indicating more accurate precipitation forecasts too. The 

detailed introduction of normalization is provided in the supplemental materials. 

To validate whether CLPFV can effectively verify precipitation forecast errors (i.e., being tolerant of minor errors and strict 265 

with significant ones), we need to establish gradient precipitation forecast error scenarios in comparative experiments to 

comprehensively cover different error degrees. Since the error degree in actual precipitation forecasts is difficult to foresee 

and control, directly obtaining uniformly distributed error gradients from real-world forecasted and observed precipitations is 

impractical. Therefore, we artificially generated the required series of gradient forecast error scenarios. 

The specific comparative experimental setup is as follows. First, we use the original precipitations from the IFS test data as 270 

the simulated observed precipitations, and generate a series of simulated forecasted precipitations by applying positive and 

negative biases systematically to original precipitations. Table 1 presents the biases configurations for displacement, 

precipitation intensity, and area size in simulated forecasted precipitations.  

The displacement bias represents the number of grids shifted in horizontal direction, e.g., +1 indicates a one-grid eastward 

shift, while -3 denotes a three-grid westward displacement shift. The intensity bias represents the multiplicative factor 275 
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applied to precipitation intensity values at each grid, e.g., 0.5 reduces intensity by half, whereas 2 doubles the original values. 

The area size bias represents the scaling factor for the precipitation area size while maintaining a fixed centroid, e.g., 0.5 

contracts the area size by 50%, and 1.5 expands it to 150% of the original. Fig. 7 demonstrates several examples of simulated 

forecast precipitations with various biases configurations. 

Table 1. Applied biases for generating simulated forecasted precipitations. 280 

Types Biases 

Displacement -10 -9 -8 -7 -6 -5 -4 -3 -2 -1 

Intensity 0.5 0.55 0.6 0.65 0.7 0.75 0.8 0.85 0.9 0.95 

Area Size 0.5 0.55 0.6 0.65 0.7 0.75 0.8 0.85 0.9 0.95 

co
n

tin
u

ed
 

Biases 

0 1 2 3 4 5 6 7 8 9 

1 1.1 1.2 1.3 1.4 1.5 1.6 1.7 1.8 1.9 

1 1.1 1.2 1.3 1.4 1.5 1.6 1.7 1.8 1.9 
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Figure 7. An example of simulated forecasted precipitations by applying gradient biases. 

Subsequently, by inputting the simulated forecasted precipitations (i.e., generated gradient biased precipitations) and their 

corresponding simulated observation precipitations (i.e., the original precipitations) into verifications, we obtained the 285 

verification scores of CLPFV and comparison methods. Fig. 8 presents the raw results on the IFS test data of TS, FSS-10, 

and CLPFV verification scores from the gradient displacement biases experiments (all raw results of comparative 

experiments are presented in the supplemental materials). According to Fig. 8, we can find that TS declined rapidly when 

displacement biases started to appear, reflecting its oversensitivity to minor displacement errors just as previous studies 

revealed. Oppositely, FSS-10 always slowly declined and thus was overly tolerant of significant displacement errors. Only 290 

CLPFV could tolerate minor errors and being strict to significant errors, thereby effectively reflecting different degrees of 

displacement errors. 
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Figure 8. Raw results of gradient displacement biases experiments.  

Since directly overlaying all raw results of CLPFV and comparison methods in a single plot would make it difficult to read 295 

and analyze, we provide an optimized plot of comparative experimental results to discuss. Therefore, we conducted statistics 

on the raw verification scores of each verification method across different biases, calculating their average scores and 

standard deviations. Subsequently, by connecting the average verification scores of each bias and plotting 95% confidence 

intervals, we transformed the originally dense scatters (just as Fig. 8 shows) into clear curves, making the overlay analysis of 

all verification methods possible. The final comparative experimental results are shown in Fig. 9. In addition, we introduced 300 

a downward-opening parabola in Fig. 9 as a benchmark reference curve for compare different PFV methods more visibly. 

This specific parabola was selected because its shape precisely characterizes the expected behavior of an ideal PFV method: 

it assigns the highest verification score in the absence of errors; permits a gradual decline for minor errors to ensure fault 

tolerance and avoid “double penalty” problem; and enforces an accelerated descent for larger errors to significantly penalize 

severe forecast failures. 305 
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Figure 9. Results of displacement biases (top), intensity biases (middle), area size biases (bottom) experiments. The experimental 

results of each verification method are presented as average verification score curves with their 95% confidence intervals. 

According to the results of displacement biases experiments shown in Fig. 9, the verification scores of TS, POD, and 

normalized FAR dropped sharply from the centre, indicating that traditional point-to-point verification methods were overly 310 

sensitive to minor displacements. However, after reaching a certain point, their scores slow down considerably instead, 

suggesting insufficient penalties for substantial errors. This occurs because large displacements cause complete mismatches, 

stabilizing misses and false alarms. In contrast, spatial verification methods (FSS-5, FSS-10, normalized SAL) showed slow 

decreases, proving insensitivity to minor displacements. But they became overly tolerant of large displacements, with scores 

always above 0.8, overestimating forecast accuracy. The proposed CLPFV presented a rational curve and is more like 315 

reference parabola: maintaining tolerance for minor displacements while imposing stricter penalties for significant ones. 
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In the intensity biases experiments, both traditional point-to-point and spatial verification methods performed poorly, with 

their verification scores (TS, POD, normalized FAR, FSS-5, FSS-10, and normalized SAL) consistently close to 1. This is 

because they rely on binary thresholding, which loses intensity continuity. Specifically, even within 50%-200% intensity 

variation, most grids remained within original thresholds, preventing these methods from distinguishing intensity biased 320 

forecasts. Conversely, CLPFV successfully captured gradient intensity biases, with scores systematically decreasing as bias 

increased, demonstrating its unique threshold-free design. 

In the area size biases experiments, TS, POD, and normalized FAR remained excessively sensitive to minor biases. When 

areas shrank, POD and TS declined sharply due to fewer Hits and Misses, while normalized FAR stayed high because False 

Alarms stayed relatively constant. When areas expanded, increasing False Alarms lowered TS and normalized FAR, while 325 

POD remained stable due to unchanged Hits and Misses. As to spatial verification methods, FSS-5 and FSS-10 effectively 

reduced oversensitivity for area size reduction but failed to penalize expansion adequately as their verification scores decline 

slowed. The neighbor smoothing of FSS further inflated scores, sometimes exceeding traditional point-to-point methods like 

TS and normalized FAR. Normalized SAL remained above 0.9, indicating ineffectiveness against area size errors. Only 

CLPFV maintained robust performance, tolerating minor errors while strictly penalizing large ones and assigning 330 

appropriate scores based on bias degree. 

The comparison experiments indicated that CLPFV successfully met its objectives: it showed reasonable tolerance for minor 

errors while strictly penalizing significant ones and reflects error degrees accurately. In contrast, traditional point-to-point 

methods are oversensitive, while spatial methods (with suboptimal parameters) are overtolerant of major errors. This is 

particularly problematic in area expansion tests, where high scores may encourage selecting models with more false alarms. 335 

Such outcomes mislead decision-makers, weaken flood control planning, and waste disaster prevention resources. 

3.3. Experts Survey Experiments 

Expert manual verification is still an important benchmark for assessing the reliability of PFV methods. Therefore, we also 

compared CLPFV and comparison verification methods with Experts verifications in this research. To quantify how closely 

different verification methods align with experts, it is necessary to compare subjective expert verifications with objective 340 

verification scores under a unified standard. Accordingly, we conducted experts survey experiments as follows: First, a 

questionnaire is used to obtain experts' rankings of the specified precipitation forecasts. Second, to achieve the comparison 

of PFV’s verification scores with experts manual verification, we implemented CLPFV and comparison verification methods 

on the same precipitation forecasts to acquire their corresponding rankings. Finally, by comparing all ranks, we could find 

which verification method is closer to the expert manual verification. 345 

The questionnaire consists of seven questions, corresponding to the CMA precipitations samples mentioned in Datasets. The 

experts’ survey was independently completed by 36 experienced forecasters. As shown in Fig. 10, experts were asked to 

rank the forecasted precipitations after reviewing and comparing the observed and three forecasted precipitations in a 
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question. The ranks of each question from all experts were averaged to constitute the final expert ranking benchmark for this 

question. To ensure the validity of ranking, we carefully selected precipitations samples with different precipitation intensity 350 

and diverse distribution characteristics, with ensuring that the performance of each forecast model varied across different 

questions, avoiding tasks that were too simplistic while preventing ranking inertia. Subsequently, we applied the same 

verification methods (i.e., TS, POD, FAR, FSS-5, FSS-10, SAL, CLPFV). Finally, the Spearman Footrule distance (Ilyas et 

al., 2008) is used to quantify the similarity between each verification method and the expert ranking benchmark, and the 

Spearman Footrule distance 𝑆𝐹𝑘 is calculated with Eq. (10),  355 

𝑆𝐹𝑘 =
∑ |𝑟𝑘𝑗 − 𝑟𝐸𝑗|

𝑁𝑄

𝑗

𝑁𝑄

 (10) 

where 𝑘 is the verification method, 𝑗 is the question of questionnaire, 𝑁𝑄  is the number of questions, 𝑟𝑘𝑗  is 𝑗 question’s 

ranking of verification method 𝑘, and 𝑟𝐸𝑗  is 𝑗 question’s ranking benchmark of experts. Accordingly, a smaller Spearman 

Footrule distance indicates higher consistency between the verification method and experts. 

 

Figure 10. A question example of expert ranking questionnaire. 360 

The results of experts survey experiments are presented in Table 2. As shown, CLPFV had the smallest Spearman Footrule 

distance, demonstrating that CLPFV was significantly more similar with expert verifications compared to other methods. 

This confirms that CLPFV leveraged the ability of deep learning in simulating human analysis and thereby enhancing the 

reliability of its verifications. Furthermore, in our experts survey experiments, we specifically selected precipitation forecast 

verification tasks from different regions and periods. Therefore, the good performance of CLPFV also demonstrates its good 365 

generalization capability. 

TS ranked as the second-best in experts survey experiments, indicating that TS indeed provided a more comprehensive 

verification than POD and FAR by simultaneously accounting for Hits, Misses, and False Alarms. Moreover, the good 

performance of TS also suggested that traditional point-to-point method can still yield reasonable verifications, despite some 

situations like “double penalty” problem. 370 
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In contrast, spatial verification methods underperformed compared to traditional point-to-point verification methods. This 

result seems to contradict common sense, but in fact, it is not inconsistent with existing studies. In the studies on spatial 

verification methods, these methods and their parameters are often specifically optimized for experimental cases, thereby 

appearing their upper limits of verification capabilities. However, in practical applications, spatial verification methods are 

highly likely to lack the required expert knowledge and pre-experimentation, resulting in mismatched parameters and rules 375 

that undermine the verification accuracy. Therefore, previous studies have mostly demonstrated the excellent performance of 

spatial verification methods under ideal conditions, Therefore, previous studies have mostly demonstrated the excellent 

performance of spatial verification methods under ideal conditions, while our research highlights their limitations in practical 

applications: without sufficient optimization, the performance of spatial verification methods may be inferior to that of 

traditional point-to-point methods. This also manifests that the generalization capability and practicality of spatial 380 

verification methods still need to be improved. 

Table 2. Results of experts survey experiments. 

PFV methods POD FAR TS FSS-5 FSS-10 SAL CLPFV 

Spearman 

Footrule distance 
2.00 2.00 1.14 2.00 2.29 1.43 0.57 

To illustrate experimental results more intuitively, we selected Question 2 of questionnaire as a typical case to analyze the 

differences between the rankings of PFV methods and the experts ranking benchmark. 

Fig. 11 shows the experts' rankings for the three numerical prediction models (MESO, GD, and SH) in Question 2. As seen 385 

in Fig. 11, the observed precipitation has two key distribution characteristics: a strip-shaped region of heavy precipitation in 

the centre of the study area and light precipitation across the entire northwest regions. As to their forecasts, GD best captured 

the precipitation distribution, particularly for the heavy precipitation region. MESO overestimated the heavy precipitation, 

while SH underestimated both the precipitation coverage and intensity. Thus, the expert ranking of them is GD (1st) > MESO 

(2nd) >> SH (3rd). 390 
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Figure 11. The expert ranking benchmark and precipitations of Question 2. 

Table 3 shows the performance of each PFV method for Question 2. Due to their dependence on threshold settings, 

traditional point-to-point methods (TS, POD, FAR) failed to reflect the distribution of heavy precipitation. As a result, they 

all incorrectly ranked MESO as the best forecast. Notably, FAR, which only considers Hits and False Alarms, even 395 

incorrectly ranked SH as the second-best forecast. As to spatial verification methods, neighborhood-based methods (FSS-5 

and FSS-10) produced the same erroneous rankings. Due to their spatial smoothing operations, the underestimation of 

precipitation in SH and the overestimation of heavy precipitation in MESO were both mitigated, leading to their incorrect 

ranking of SH and MESO. Although object-based method (SAL) was slightly better than FSS-5 and FSS-10, it still 

incorrectly ranked MESO as the best since its focus on overall precipitation features and ignorance of inner heavy 400 

precipitation distributions. In contrast, only CLPFV fully matched the expert ranking benchmark, especially its low score for 

SH accurately reflected the fact that SH's forecast was significantly worse. This case analysis demonstrates that CLPFV 

effectively captured precipitation distribution characteristics, yielding more reliable verification results. 

Table 3. Verification performances of PFV methods for Question 2 in experts survey experiments. 

 

GD 

verification 

score 

MESO 

verification 

score 

SH 

verification 

score 

GD rank MESO rank SH rank 

TS 0.28 0.38 0.22 2 1 3 

POD 0.75 0.79 0.37 2 1 3 

Normalized 

FAR 
0.31 0.42 0.37 3 1 2 
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FSS-5 0.59 0.70 0.63 3 1 2 

FSS-10 0.65 0.77 0.76 3 1 2 

Normalized 

SAL 
0.75 0.80 0.55 2 1 3 

CLPFV 0.77 0.53 0.10 1 2 3 

4 Conclusions 405 

To address the issues of point-to-point PFV methods being overly sensitive to minor errors and the issues of spatial PFV 

methods requiring appropriate parameters and rules with limiting their practicality, as well as tackling the challenge of 

lacking labeled samples for training deep neural networks, we propose CLPFV by introducing self-supervised contrastive 

learning into precipitation forecast verification. First, CLPFV constructs positive and negative sample pairs by precipitations’ 

multi augmentations of displacement, intensity, and area. Then, it trains the ResNet-18 network using an improved 410 

contrastive loss function to extract high-level abstract features of the forecasted and observed precipitations respectively. 

Finally, the verification score of CLPFV is calculated through the feature-based cosine similarity. 

We compared CLPFV with traditional point-to-point and spatial verification methods with comprehensive gradient biases 

experiments. The results show that CLPFV could effectively assign the appropriate verification scores to all degrees of 

precipitation forecast errors. Furthermore, CLPFV had the highest consistency in the ranking results of experts’ survey, 415 

confirming that CLPFV matched expert manual verification better.  

Notably, CLPFV also serves as a feasible framework when evaluating the prediction of other meteorological variables or 

environmental phenomena. Depending on the specific requirements of forecasting or prediction tasks, e.g., PM2.5 forecast 

and soil mapping, the elements of CLPFV (such as ResNet-18 deep learning model, InfoNCE loss function, and Cosine 

similarity calculation) can be changed to adapt with various architectures. This flexibility underscores CLPFV’s 420 

methodological contribution as a generalizable paradigm of forecast verification in the broad earth science field. 

However, we should also note that CLPFV still has potential shortcomings. For example, as a “black-box” method based on 

deep learning, CLPFV cannot explicitly reveal the specific considerations and lacks interpretability, while clarifying specific 

issues within forecast models is one of the important goals of precipitation forecast verification. Additionally, quantitative 

precipitation forecasting is usually based on continuous time periods in current practical applications, but current point-to-425 

point and spatial verification methods heavily rely on subjective judgment and are difficult to quantitatively evaluate 

forecasts across multiple consecutive time steps. Therefore, it is one of the important future research directions of CLPFV 
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that developing it to enable quantitative verifications across continuous time periods. Furthermore, for more interdisciplinary 

fields of artificial intelligence and Earth sciences, such as ecological modelling, soil mapping, disaster prediction and et al, 

CLPFV could provide a valuable refence for improving verification methods in these fields and may even pave the way for 430 

developing a general verification method applicable across the broader Earth sciences domain. This also represents an 

important direction for future research. 
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