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Abstract: The scarcity of real fault samples in pumping units degrades the generalization of deep learning models. An
improved ConvNeXt diagnosis method integrating physical feature perception and hierarchical transfer learning is proposed.
First, according to the “low texture, high geometric structure” of dynamometer cards, ConvNeXt V2 is lightweight adapted and
embedded with a channel attention module (CAM). By enhancing sensitivity to feature channels representing displacement and
load variations, an adapted model with 22.1M parameters is constructed. Second, a two-stage “mechanism-driven pre-training
and measured hierarchical fine-tuning” strategy is designed: simulation dynamometer cards generated by a dynamic model inject
physical priors; during fine-tuning, shallow general features are frozen, deep semantic layers are differentially fine-tuned, and
the classification head is retrained, achieving efficient cross-domain knowledge transfer. Experiments on a measured dataset
containing eight working conditions show that the proposed method achieves an accuracy of 96.12% and a macro-average F1
score of 95.84%, with convergence speed approximately 30% faster than mainstream models. Ablation experiments confirm the
synergistic effect of the physical perception structure and hierarchical transfer; for the extremely small-sample “sand sticking”
fault, the F1 score significantly increases from 88.5% to 93.8%. Visualization analysis reveals the response mechanism of the
CAM module to physical signals such as load surges, providing a high-confidence solution for industrial intelligent maintenance
under small samples.

Keywords: Fault Diagnosis; Pumping Unit; Dynamometer Card; Few-shot Learning; ConvNeXt; Transfer Learning; Channel
Attention.

knowledge from a source domain (e.g., public datasets,
simulation data) to a target domain (e.g., measured data from
specific equipment). Simulated dynamometer cards can inject
) ] ) ) ) physical priors and serve as rich source domain data to assist
~ Beam pumping units are the core oil extraction equipment training [9], [8]. However, directly transferring natural image
inonshore oilfields, and their operating status directly pre-trained models or simple mixed training often neglects the
determines the efficiency of crude oil recovery. The domain shift between simulation and reality, which may cause
dynamometer card, a closed curve of polished rod load versus the model to learn domain-specific spurious features, leading

1. Introduction

1.1. Background and Significance

displacement,. [1]. Traditiona% manual diagngsis relies on to catastrophic forgetting or overfitting [9], [12].

experts’ empirical interpretation of geometric fea.tures of Moreover, the development of modern vision networks
dynamometer cards (area, slope, concavity/convexity), [2]. provides new architectural choices for dynamometer card
The construction of digital oilfields urgently requires real- diagnosis. The ConvNeXt family modernizes CNNs by
time online monitoring of massive oil wells, making the borrowing design ideas from Vision Transformers (e.g., larger
Qevelopment of intelligent fault diagnosis technology kernels, inverted bottlenecks, LayerNorm) and achieves
imperative [3]. excellent performance on natural image tasks ; ConvNeXt V2
1.2. Related Work further improves representation ability through co-design of

network architecture and self-supervised pre-training (e.g.,
Masked Autoencoders) [12]. However, these general vision
architectures are not specifically designed for dynamometer
cards (“low texture, high geometric structure”), and direct
transfer may contain considerable parameter redundancy
irrelevant to dynamometer card diagnosis, as well as
sensitivity to irrelevant textures [10].

Channel attention mechanisms adaptively recalibrate
feature channels to guide the model to focus on task-relevant
channels, and have proven effective in various vision tasks
and industrial diagnosis [3], [4], [19]. Combining simulation-
driven transfer learning with physically-aware model
structure design is expected to improve diagnostic
performance and interpretability under small-sample
conditions.

Deep learning has made significant progress in the field of
mechanical fault diagnosis. Convolutional neural networks
(CNNs), due to their powerful automatic spatial feature
extraction capability, have been widely used for dynamometer
card recognition. Early work introduced classic visual
networks (such as AlexNet) for dynamometer card
classification, [5] . One-dimensional CNNs for extracting
sequential features, as well as combinations of CNNs with
recurrent/attention modules to capture temporal-spatial
correlations, [21] . However, these methods generally rely on
large-scale, balanced, and well-annotated training datasets. In
real oilfields, there is a serious shortage of fault samples,
leading data-driven models prone to overfitting and poor
generalization.

Transfer learning has been introduced to overcome the data
scarcity bottleneck, with the core idea of transferring
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1.3. Main Contributions

To address the above issues, this paper proposes an
improved ConvNeXt method integrating physical feature
perception and hierarchical transfer learning. The main
contributions are as follows:

(1) Model structure adaptation and physical feature
perception: For the first time, ConvNeXt V2 is introduced
into pumping unit dynamometer card fault diagnosis, and a
channel attention module (CAM) is embedded to make the
model adaptively enhance feature channels related to
displacement and load variations, constructing a lightweight
(22.1M parameters), efficient, and interpretable dedicated
adapted model.

(2) Hierarchical transfer learning strategy: A “mechanism-
driven pre-training and measured hierarchical fine-tuning”
framework is proposed. Simulation data generated by a
dynamic model inject physical priors during pre-training;
during fine-tuning, a hierarchical parameter update
mechanism (freezing the first three stages, fine-tuning the last
stage, and retraining the classification head) is designed to
achieve efficient and precise knowledge transfer from the
simulation domain to the measured domain.

(3) Comprehensive experiments and interpretability
analysis: Comparative and ablation experiments are designed
on a real pumping unit dynamometer card dataset.
Visualization of channel attention weights reveals the
physical basis of model decisions, providing a high-
confidence case reference for small-sample industrial fault
diagnosis.

2. Related Theories and Methods

2.1. Principle of Dynamometer Card Fault
Diagnosis

The dynamometer card is a closed curve of load versus
displacement during one stroke cycle of the pumping unit
polished rod. Different fault types exhibit specific geometric
shapes on the dynamometer card: rod break appears as a
“knife handle” shape, gas influence as an “obese” shape, sand
sticking as a “sawtooth” shape, and pump leakage as a “notch”
[2]. These morphological features directly correspond to
downhole physical processes, providing a theoretical basis for
image-based fault diagnosis.

2.2. ConvNeXt Network Architecture

ConvNeXt modernizes traditional CNNs by systematically
borrowing design concepts from Vision Transformers [2].
Core components include:

Larger kernels: 7x7 depthwise convolutions to enlarge
receptive fields.

Inverted bottleneck structure: Following the MLP block in
Transformers, adopting an “expand-compress” design.

LayerNorm instead of BatchNorm: Improving training
stability.

Fewer activation functions: Reducing the use of GELU to
simplify the structure.

ConvNeXt V2 further introduces Global Response
Normalization (GRN) and co-designs with self-supervised
pre-training (e.g., Masked Autoencoders) to enhance
representation capability .

2.3. Channel Attention Mechanism

Channel attention mechanisms model dependencies
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between feature channels to adaptively recalibrate channel
importance. SENet first proposed generating channel weights
via global average pooling and fully connected layers [4];
CBAM combines channel and spatial attention to strengthen
feature representation [11]. A comprehensive review of
attention mechanisms can be found in [19]. The CAM module
used in this paper combines global average pooling and global
max pooling, followed by a shared MLP to model nonlinear
dependencies between channels, capturing feature responses
more comprehensively.

2.4. Transfer Learning and Few-shot Learning

Transfer learning aims to transfer knowledge from a source
domain to a target domain to solve the problem of scarce
target domain samples [7]. In mechanical fault diagnosis,
common methods include fine-tuning pre-trained models,
domain adaptation, and meta-learning [18]. Few-shot
learning specifically refers to scenarios where each class in
the target domain has only a few labeled samples, imposing
higher requirements on model generalization. In recent years,
using simulation data for pre-training combined with
hierarchical fine-tuning or structural adaptation has been
proven to significantly improve target domain performance in
fault diagnosis [9].

3. Improved ConvNeXt Fault
Diagnosis Model

3.1. Data Preprocessing and Augmentation

The original input of the model is a pair of displacement-
load time series data collected during one stroke cycle of the
pumping unit polished rod. The two one-dimensional
sequences are mapped onto a two-dimensional plane to form
a closed dynamometer card contour, and then uniformly
scaled to a 64x64 pixel single-channel grayscale image. This
resolution balances feature retention and computational
efficiency: it is sufficient to preserve key morphological
features of various faults (e.g., “knife handle” rod break,
“obese” gas lock, “sawtooth” sand sticking), while reducing
subsequent convolution memory usage and inference time.

To improve model robustness under limited data and avoid
overfitting, lightweight data augmentation is applied to the
input images during training:

Random horizontal flip (probability 0.5):
symmetry of stroke direction.

Small-angle random rotation (£5°): simulates sensor
installation tilt error (large rotations that would destroy the
physical coordinate meaning are avoided).

Random brightness and contrast adjustment (£10%):
simulates different lighting or sensor gain conditions.

Augmentation increases data diversity without changing
the essential nature of the faults.

3.2. ConvNeXt V2 Backbone Adaptation and
Lightweight Design

ConvNeXt-Tiny was originally designed for massive high-
texture natural images, with generous channel settings at each
stage. Dynamometer cards have sparse texture but critical
geometric structure; direct use of the original model leads to
parameter redundancy and may cause the network to over-
focus on irrelevant texture details. In this paper, based on
ConvNeXt V2 [11], the network structure is simplified for
dynamometer card characteristics: shallow stages (Stage 1-2)
use fewer channels to extract basic low-level features (edges,
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gradients); deep stages (Stage 3—4) appropriately increase
channels to fuse complex fault structure patterns. The
optimized configuration of channel number C and number of
ConvNeXt blocks B at each stage is shown in Table 1. The
parameter count is reduced from 28.6M in the original

ConvNeXt-Tiny to 22.1M, and FLOPs are correspondingly
reduced, achieving lightweight design suitable for few-shot
learning scenarios. The overall architecture of the adapted
network is shown in Fig. 1.

Table 1. Optimized configuration of ConvNeXt model for dynamometer card diagnosis

Stage Featu}‘ ¢ Channels C ConvNeXt Main learning features
map size blocks B
Stage 1 64x64 64 Basic edges, corners, gradient changes
Stage 2 32x%32 128 Abstract contours, simple geometric combinations
Stage 3 16x16 256 Complex fault structure patterns, inter-region relationships
Stage 4 8x8 512 Global semantic features, class discrimination information
Stage 1 Stage 2 Stage 3 Staged Clamficaton strengthens feature channels that capture load drastic changes
Feature Map o (e.g., sand sticking, piston sticking) or displacement
Size: 64x64 | | o 1) " - anomalies (e.g., rod break), while suppressing background
Number of 128, 256, 512, noise and redundant texture channels, achieving physical
éngf; Channels: 64 X3 %6 . N % meaning reweighting at the feature level. The CAM design is
Grayscale [ gumlﬁr;f > zébstract 1 C«;mpllex > SGlobal SPIEP S inspired by methods such as SENet and CBAM, with a trade-
t 1t t t] . .
Image Blocks: 13 Foatues | | Structures | | Features °° off in parameter and computational overhead [12].
Bosie Bdae 3.4. Weighted Cross-entropy Loss Function

OO 000 Ord
s
Fig 1. Overall architecture of the adapted ConvNeXt V2

3.3. Physical Feature Perception Channel
Attention Mechanism

Different channels of the high-dimensional feature maps of
dynamometer cards respectively represent geometric
attributes such as slope, intercept, and local curvature, which
are highly related to physical information such as load
fluctuation and displacement exceeding limits. To make the
model adaptively focus on key physical features, a channel
attention module (CAM) is embedded in the ConvNeXt
blocks, as shown in Fig. 2. The module first aggregates spatial
information via global average pooling (GAP) and global max
pooling (GMP), then models nonlinear dependencies between
channels through a shared multi-layer perceptron (MLP),
generating channel attention weights as follows:

M.(F) = a(MLP(AvgPool(F)) + MLP(MaxPool(F)))

Channel AModule (CAM)
(1x1xC)

Global
Average
Pooling

(GAP)

(HXWxC) F (HxWxC)

Shared
Multi-Layer

H Perceptron
C (MLP)
Global
Max
Pooling

(GMP)

Sigmoid

(1x1xC)

Input Feature Map F'

Formula (1): M (F) = o(MLP(AvgPool(F)) + MLP(MaxPool(F)))
Fig 2. Structure of channel attention module (CAM)

where F is the input feature map and oo is the Sigmoid
function. Through this mechanism, the model dynamically

87

Measured fault data exhibit class imbalance: as shown in
Table 2, “waxing” and “insufficient supply” have more
samples, while “sand sticking” samples are scarce. Standard
cross-entropy loss would bias towards the majority classes,
leading to poor recognition of minority classes. A class-
weighted cross-entropy loss function is introduced:

Ly CE AN ,

Wit =Ty,

i=1c=

where N is the batch size, C = 8is the number of fault

classes, y_i, c is the indicator function (1 if sample i belongs

to class c, otherwise 0), ¥_i, ¢ is the predicted probability, and

w_c is the class weight. Inverse frequency weighting is

adopted, i.e., w_c N_max / N_c, where N_max is the

sample count of the majority class and N_c is the sample

count of class c. This mechanism assigns larger gradients to

the loss of rare fault samples, forcing the model to treat all
classes equally.

We  Yic log( yi,c)
1

3.5. Hierarchical Transfer Learning
Framework

The hierarchical transfer learning framework adopted in
this paper consists of two stages, as illustrated in Fig. 3.

Stage 1: Source domain (simulation) pre-training. A large-
scale and diverse simulation dynamometer card dataset is
generated using a pumping unit system dynamics simulation
software based on the Gibbs one-dimensional wave equation
[16], covering all studied fault types. This simulation dataset
is used to fully pre-train the adapted ConvNeXt V2 model
constructed in Section 3.2, enabling it to learn general
morphological variation patterns and physical prior
knowledge of dynamometer cards under various theoretical
fault conditions.

Stage 2: Target domain (measured) hierarchical fine-



tuning. The pre-trained model parameters are loaded into the
target diagnostic task. To avoid overfitting caused by fine-
tuning all parameters on a small amount of measured data
while retaining pre-trained knowledge, a hierarchical
parameter update strategy is designed:

Freeze parameters of Stage 1, Stage 2, and Stage 3: These
layers learn general features such as edges and contours,
which are highly transferable between simulation and
measurement. Freezing them preserves general knowledge
and reduces the number of trainable parameters (by about
70%), preventing overfitting.

Fine-tune parameters of Stage 4: The deep layer is
responsible for learning abstract fault semantic features. It is
finely adjusted with a low learning rate (1e-5) to adapt to the
measured data distribution.

Replace and retrain the classification head: The original
1000-class classification head is replaced with a new
randomly initialized fully connected layer (outputting 8
classes), which is trained from scratch to map the fine-tuned
features to specific fault categories.

This hierarchical strategy achieves progressive knowledge
transfer from general geometric features to specific fault
semantics, effectively mitigating domain shift and
maximizing the value of limited measured samples.

Mechanism-Driven Pre-training - Experimental Data Hierarchical Fine-tuning
Source Domain: Simulation Pre-training Target Domain: Experimental Data Hierarthical Fine-tuning

Simulation Indicator Diagram Data (640 images) Experimental Indicator Diagram Data (2560 images)

Data Augmentation (Same as left)

Data ion (Flip

ightness)

----------- ¥ Load Pre-trained Weights

ConvNeXt V2 + CAM Model

Freeze Stage 1~3 No Update

Pre-training Fine-tune Stage 4 Ir=le-5

(Learning Physical Priors)

Retrain Classification Head | New FC Layer

Joint Training

Pre-trained Weights

Fig 3. Framework of two-stage transfer learning

Diagnostic Results (Accuracy 96.12%)

4. Experiments and Results Analysis

4.1. Experimental Setup

4.1.1. Dataset Description

The data come from actual production blocks of a domestic
oilfield, comprising 8 working conditions: normal condition
and 7 typical fault types (rod break, pump leakage, gas lock
(gas influence), waxing, sand sticking, piston sticking, and
insufficient supply). The total number of samples is 3200, of
which 2560 are field measured data and 640 are simulation
data generated by simulation software based on the Gibbs
wave equation. The sample distribution for each category is
shown in Table 2. The measured data are significantly
imbalanced. All data are randomly divided into training,
validation, and test sets in a 6:2:2 ratio, ensuring consistent
category proportions. The training set is augmented with the
data enhancement described in Section 3.1, while the
validation and test sets are only standardized.

Table 2. Composition of the pumping unit dynamometer card dataset

Working condition Measured samples Simulation samples
Normal 310 80
Rod break 295 60
Pump leakage 270 70
Gas lock 280 70
Sand sticking 260 60
Waxing 430 150
Piston sticking 270 60
Insufficient supply 445 90

4.1.2. Comparison Models and Evaluation Metrics
ResNet-50 [5], EfficientNet-BO [6], and original
ConvNeXt-Tiny [2] are selected as baseline models. All
models are implemented in PyTorch and trained on an
NVIDIA RTX 3090 with the AdamW optimizer, batch size 32,
and the same learning rate scheduling strategy. Baseline
models are initialized with ImageNet-1K pre-trained weights
and fine-tuned on the training set. Training parameters for the
proposed method: AdamW optimizer, initial learning rate
1x10~* (fine-tuning stage for Stage 4: 1x107°), weight decay
1x107*, batch size 32, maximum epochs 100, early stopping
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(stop when validation loss does not decrease for 5 consecutive
epochs).

Evaluation metrics include accuracy, macro-average F1
score, precision/recall/F1 for each class, convergence epoch
(epoch at early stopping), and FLOPs. In addition, to measure
the actual improvement on small-sample classes (e.g., sand
sticking), a dedicated few-shot F1 comparison is included in
the ablation experiments.



4.2. Performance Comparison with Baseline
Models

Table 3 shows the performance comparison between the

proposed method (Ours) and the baseline models on the test
set. Figure 4 displays the training curves of accuracy and loss.
The proposed method outperforms all baselines in both
accuracy and convergence speed.

Table 3. Performance comparison of different diagnosis models on the test set

Parameters Accuracy Macro F1 Convergence
Model (M) FLOPs (G) (%) (%) epochs

Ours (adapted
ConvNeXt V2) 22.1 4.2 96.12 95.84 32
ConvNeXi-Tiny 28.6 45 94.78 94.33 45

(original)

ResNet-50 25.6 4.1 95.05 94.62 50
EfficientNet-BO 53 0.4 93.44 92.87 38
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Fig 4. Training curves of accuracy and loss

The proposed method achieves an accuracy of 96.12% and
amacro F1 of 95.84%, leading all baselines. Compared to the
original ConvNeXt-Tiny, accuracy improves by 1.34
percentage points, macro F1 by 1.51 points, while parameters
are reduced by 22.7% and FLOPs by 6.7%. Compared to
ResNet-50, accuracy improves by 1.07 points and
convergence epochs decrease by 36%. EfficientNet-BO has
the smallest parameter count but the lowest diagnostic
accuracy, indicating that its extreme lightweight design may
compromise the representation of dynamometer card
geometric structures [14]. The training curves show that with
simulation pre-training and hierarchical fine-tuning, the
proposed model trains more stably, validation loss converges
faster, and convergence epochs are significantly reduced
(=30%), verifying the synergy of the transfer strategy and
structural adaptation.

4.3. Ablation Experiments

To quantify the contributions of the core strategies, four
configurations are designed for ablation experiments, with
results shown in Table 4.
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Comparing Exp-A and Exp-B, transfer learning improves
accuracy by 3.25 percentage points and sand sticking F1 by
5.3 points, demonstrating the necessity of injecting physical
priors via simulation pre-training[ 16]. Comparing Exp-A and
Exp-C, hierarchical fine-tuning outperforms simple mixed
training by 1.09 points in accuracy, indicating that the
hierarchical strategy more effectively handles domain shift:
freezing shallow layers preserves simulation physical priors
while fine-tuning only the deep layers adapts to the measured
distribution, avoiding feature confusion or -catastrophic
forgetting [17]. Comparing Exp-A and Exp-D, model
adaptation (channel reduction + CAM) brings an accuracy
improvement of 1.59 points under the same transfer strategy,
proving the necessity of structural optimization (i.e.,
ConvNeXt adjustment for dynamometer cards and attention
embedding). For the sand sticking fault with the fewest
samples, the complete method achieves an F1 of 93.8%, an
increase of 5.3 points over using only measured data,
indicating that CAM’s reinforcement of load-related channels
enables the model to accurately capture the core physical
features of sand sticking[18].



Table 4. Ablation study on model performance under different training strate

ies

Accurac Macro Sand
Exp. Model structure Training strategy N Y o sticking
(%) F1 (%) 0
F1 (%)
Simulation pre-training +
Exp-A ﬁ;izagtéiﬁ)?(‘;iigt measured hierarchical fine- 96.12 95.84 93.8
tuning
Adapted ConvNeXt Only measured data (random
Exp-B V2 + CAM init) 92.87 92.24 88.5
Adapted ConvNeXt Simple mixed training
Exp-C V2 + CAM (simulation + measured) 95.03 94.58 923
. Simulation pre-training +
Exp-D Original ConvNeXt- measured hierarchical fine- 94.53 94.02 91.6
Tiny tuning

4.4. Interpretability Analysis

To verify the physical consistency of model decisions, the
attention weights of the CAM module under different fault
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Sand Sticking (BYF) Rod Broax (475

inputs are extracted and aggregated according to physical
attributes (load-mutation-related channels and displacement-
anomaly-related channels). The results are shown in Fig. 5.

it (R Al R
nel Weight (TR

Gas Lock [SE)

Marmal (E %)

Fig 5. Distribution of channel attention weights under different fault types

Visualization shows that under sand sticking fault, load-
related channels have a weight of about 0.85, while
displacement-related channels are only 0.15, consistent with
the physical mechanism of sand sticking (drastic load change
with almost no displacement change). Under rod break fault,
displacement-related channel weight rises to about 0.7, and
load-related channels are about 0.3, corresponding to the
physical feature of abnormal displacement fluctuation after
rod break. Under normal condition, the weights of the two
types of channels are close (=0.55/0.45), reflecting the good
coupling between displacement and load. Under gas lock fault,
load channels are slightly higher (=0.6/0.4), consistent with
intensified load fluctuation due to gas influence. This
alignment of “visual morphology — physical meaning”
verifies that the model’s discriminative basis under small-
sample conditions is consistent with expert experience,
thereby improving the credibility of diagnostic results [19].
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5. Conclusion and Future Work

5.1. Conclusion

This paper addresses the small-sample problem in pumping
unit fault diagnosis by proposing an improved ConvNeXt
method integrating physical feature perception and
hierarchical transfer learning. The main conclusions are as
follows:

(1) Lightweight model adaptation: For the “low texture,
high geometric structure” characteristics of dynamometer
cards, ConvNeXt V2 is channel-reduced and depth-optimized,
reducing parameters to 22.1M and FLOPs to 4.2G. The
embedded CAM module enables the model to adaptively
enhance feature channels related to load mutations and
displacement anomalies, improving feature discrimination
and interpretability.

(2) Hierarchical transfer strategy: The “mechanism-driven
pre-training and measured hierarchical fine-tuning”



framework is proposed. By freezing the first three stages,
fine-tuning the last stage, and retraining the classification
head, efficient transfer of simulation knowledge to measured
data is achieved, effectively alleviating small-sample
overfitting. Experiments on eight working conditions show
that the proposed method achieves an accuracy of 96.12% and
a macro F1 of 95.84%, with convergence speed about 30%
faster than mainstream models.

(3) Synergy effect verification: Ablation experiments
confirm the synergistic effect of the physical perception
structure and hierarchical transfer; for the sand sticking fault
with the fewest samples, the F1 score increases by 5.3
percentage points. Visualization of channel attention weights
reveals the model’s response mechanism to physical signals
such as load surges, confirming that the model learns physical
knowledge consistent with expert experience.

(4) Industrial application value: The proposed method has
low parameter count and computational cost, making it
suitable for edge deployment. Visualization analysis confirms
the consistency between model decisions and mechanical
mechanisms, providing interpretable support for trustworthy
intelligent maintenance in industrial scenarios.

5.2. Future Work

(1) Domain adaptation  enhancement:  Explore
unsupervised domain adaptation techniques such as
adversarial training to further reduce the distribution gap
between simulation and measured data and improve transfer
efficiency [13].

(2) Multi-fault coupling diagnosis: The current model
focuses on single-label classification, but real working
conditions may involve multiple concurrent or coupled faults.
Future work can study multi-label classification or fault
decoupling methods [14].

(3) Model lightweight deployment: Advance lightweight
techniques such as pruning and quantization to adapt to the
resource constraints of oilfield edge computing devices,
enabling real-time, low-power diagnostic applications [6].
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