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A bstract
Petrochem icalindustry is one ofthe key industry areas w here InternetofThings (IoTs) and big data analytics could
be w idely applied to supportsm arter production and m aintenance.In oiland gas exploitation,sucker-rod pum ping
system s are used in approxim ately 90% artificially lifted w ells.An autom atic pipeline is crucialforreal-tim e condition
m onitoring and faultdetection ofthe system to save costs.H ere w e used convolutionalneuralnetw ork (CN N ),a deep
learning fram ew ork, to identify the w orking conditions of pum p w ells based on dynam om eter cards and the
corresponding sensordata.Tw o schem es,nam ely,data-based CN N and im age-based CN N are proposed and com pared
w ith traditionalm achine learning algorithm s such as k-N earestN eighbors and Random Forests.Through experim ents
on a realdatasetfrom oilfields,w e show thatCN N based approach could significantly outperform traditionalm ethods
w ithout any need of m anual feature engineering that requires dom ain expertise. Besides, w e proposed a sem i-
autom atic m ethod forlabeling big datasets ofdynam om etercards,w hich could significantly reduce the labor w ork by
m anuallabeling.O ur w ork provides a feasible and efficientm ethod for faultdetection in oilpum p system s and paves
the w ay to applying deep learning techniquesin petrochem icaland otherIoTs related industries.
K eyw ords: Fault Prediction;Fault D iagnosis; Sucker-rod Pum ping System s;Convolutional N eural N etw ork; D eep
learning;InternetofThings

__________________________________________________________________________________________________________________

1. IN T R O D U CT IO N
Oil is one of the most important natural resources in the 

world and needs to be artificially elevated from 
underground for extraction. The sucker-rod pumping system 
is the most widely used lift method in industrial oil 
productions.  The real-time monitoring of the working 
conditions of this system is essential to the maintenance, 
diagnosis and optimization of the system, and currently this 
work is done manually by identifying the “dynamometer 
cards” generated from the sensors when the system is 
operating.  

A dynamometer card is the relation curve of the load and 
the displacement of the sucker-rod pump recorded in a 
complete elevation cycle. The shape of the curve, together 
with the values of the curve data, is the most straightforward 
and effective indicator of the operation condition of pump 
wells. Different operation faults will be indicated by their 
unique features on the dynamometer cards. The 
identification and diagnosis of the operation condition is 
thus a visual interpretation process that not only demands 
large amount of labor and time cost but requires deep 
domain expertise. Moreover, massive data from sensors is 
generated from the daily operations of oil fields, making it 
more difficult for human experts to handle and analyze. 
Thus, an automatic and reliable approach for the pattern 
recognition of the dynamometer cards is of great 
significance for improving the diagnosing and maintenance 

efficiency of the system as well as preventing larger faults 
by early prediction.  

Due to its high industrial values, various studies have 
been conducted on the intelligent recognition of 
dynamometer cards for decades. Two mostly used machine 
learning techniques are Artificial Neural Network (ANN) 
(Rogers, 1990; Nazi, 1994; Xu, 2007; de Souza, 2009; Wu, 
2011) and Support Vector Machines (SVM) (Tian, 2007a, b; 
Li, 2013, Yu, 2013). Other methods include expert system 
(Martinez, 2013), clustering (Li, 2015), Extreme Learning 
Machine (Gao, 2015), or numerical methods based on 
descriptors of the dynamometer cards (Lima, 2012).  Some 
of these studies suffered from low accuracies, efficiencies 
and limited dataset size, or focused on only a few fault types. 
More importantly, most of these methods required hand-
engineered features derived from the dynamometer cards for 
model training or analysis. This again requires deep domain 
insights and usually involves complicated algorithms or 
numerical computations (Yu, 2013). Moreover, the optimal 
choices of features or descriptors are still under research. 
Thus, a more general, efficient and accurate approach for 
automatic recognition of dynamometer cards will be a great 
improvement for the intelligent processing and analysis of 
massive sensor data as well as predictive maintenance in 
current oil and gas industry.   

In this work, convolutional neural network (CNN), a 
deep learning technique, is adopted in solving this problem 
at the first time. For comparisons, k-Nearest Neighbors (k-
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NN) as a baseline method and Random Forest (RF), a 
widely used and effective machine learning algorithm, were 
also investigated. We developed two types of CNN, one 
based on images (I-CNN) and one based on sensor data (D-
CNN). We demonstrated that both types of CNN could 
achieve better accuracy on our real dataset from oil field 
without any need of manual feature engineering, and I-CNN 
could give the best performance. Besides, we also proposed 
a procedure to semi-automatically label the dynamometer 
cards on large scale. This has been proven to be effective in 
our dataset and saved more than 60% time cost.  It could 
provide insights on problems of dealing with unlabeled big 
dataset and would be particularly helpful for practical and 
industrial use since large labeled datasets are usually 
difficult and expensive to obtain.  

The rest of the paper is organized as follows: In Section 
2, we briefly state the problem and summarize the types of 
faults we investigated in this paper including their typical 
dynamometer cards.  In Section 3.1 we introduce how our 
dataset was prepared and pre-processed. Section 3.2 shows 
how we efficiently labeled our samples in a semi-automatic 
way. Section 3.3 describes the predictive models (RF, k-NN, 
I-CNN and D-CNN) in details. Experiments and results are 
reported and discussed in Section 4, followed by 
conclusions and future work in Section 5.  

2. P R O B LEM ST A T EM EN T
9 most commonly seen faults in sucker-rod pump 

systems were investigated in this paper, thus we aimed to 
build a 10-class classifier by treating the normal operation 
condition as a separate class as well. Using the sensor and 
configuration data from the pumping system as inputs, the 
classifier could automatically identify the working condition 
and fault types of the system. These 10 classes are “Normal 
Operation (NO)”, “Gas Interference (GI)”, “Fluid Shortage 
(FS)”, “Piston Stuck (PS)”, “Standing Valve Leakage 
(SVL)”, “Traveling Valve Leakage (TVL)”, “Oil Tube 
Leakage (OTL)”, “Down-stroke Pump Bumping (DPB)”, 
“Sand Production (SP)” and “Abnormal Dynamometer 
Cards (ADC)”. ADC includes all the cases where some 
sensor data is missing or wrongly recorded such that the 
resulting dynamometer card is abnormal.  

Figure 1. Typical dynamometer card samples for different 
working conditions (from top left to bottom right): NO, GI, 
FS, GS, SVL, TVL, OTL, DPB, SP, ADC). The x-axis is 
displacement and y-axis is the load, both are recorded from 
the sensors in the pumping system.  

Each of these 10 classes has some particular 
characteristics reflected on the graph shape of dynamometer 
cards, and their typical examples are shown in Figure 1. 
For instance, GI is featured by an arc curve on the right 
bottom corner of the graph and FS is reflected by a lack of 
right bottom part as well but in a flatter way. Such subtle 
differences between classes make it more difficult to 
distinguish between them especially for real samples from 
oil fields, which are much more irregularly and strangely 
shaped than the typical samples shown here. 

3. P R O PO SED N EW M O D EL A N D M ET H O D

3.1 D ata Preparation
We collected over 10000+ records from an oil field in 

China that contain the sensor data and configuration 
parameters for over 4500+ oil wells during year 2010 to 
2015. Specifically, we collected 1 record per year for each 
oil well (if there are records for that year) to maximize the 
generality of our data such that they were not particularly 
chosen for our models. The configuration parameters 
include the maximum stroke (MaxS) and minimum stroke 
(MinS), theoretical maximum load (MaxL) and minimum 
load (MinL) of wells. The sensor data contains six channels: 
Displacement (D), Load (L), Averaged current, Averaged 
active power, Averaged reactive power and Average power 
factor. Since the data for latter 4 parameters are missing for 
some of the samples, here we only used the displacement 
and load data for our models, which commonly forms a 
dynamometer card for further analysis of the working 
conditions of pump systems.

To remove the discrepancies between different wells, we 
normalized our sensor data D and L according to the 
configuration information of wells: 

' , '
D MinL D MinS

L D
MaxL MinL MaxS MinS

− −
= =

− −

where L’ and D’ are normalized load and displacement data. 
We then redefined the data vector of D’ as 100 equally 
spaced points from 0 to 1 as the measured displacement will 
never exceed the maximum stroke of wells. To proceed, we 
split the dynamometer cards into upper curve L’(u) and the 
lower curve L’(l), which represent the load data when the 
pumping rod is traveling up or pushed down as the rod 
reciprocates in the pumping well, respectively. Operation 
faults of various types may happen at different stages of 
these two processes. We then linearly interpolated L’(u) 
and L’(l) according to D’. This gives us two 100-dimension 
load vectors for our further training and testing of models. 

3.2 Sem i-auto Labeling ofSam ples
Labeled data of high quality for machine learning could 

sometimes be very difficult and expensive to obtain 
especially in industrial applications, as is this case. The 
labels, namely, the working condition or the fault types of 
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the pump wells, were missing for all the 10000+ samples we 
obtained.  We thus devised a scheme to semi-automatically 
label these samples, which could significantly reduce the 
labor cost of manually labeling by domain experts. 

Our labeling method is as Figure 2 shows. We firstly 
chose a small amount of samples, say 100, that cover typical 
samples for each fault type, and had them labeled by domain 
experts. For each of these already labeled samples, which 
we used as a “template”, we searched samples from the 
unlabeled samples that are “similar” to it and labeled them 
as the same class as the template sample. The similarity can 
be defined by various metrics and here we used the Pearson 
correlation coefficients between the load vectors of samples. 
By setting a high threshold for the correlation coefficients, 
the newly labeled samples are actually very likely to be the 
same class as the template. We then manually reviewed 
these samples together, namely, their corresponding 
dynamometer cards, and removed the small fraction of 
samples that should not be the same class as the template, 
which is far more efficient than manually identifying a 
mixture of samples that belong to many classes. The same 
process could be repeated iteratively as we have more 
labeled samples.  

Figure 2. Schematic flow chart for semi-automatic labeling 
of dynamometer card samples. 

After we have got enough labeled samples from the 
above step, we trained a k-nearest neighbors (k-NN) 
classifier using these samples as training data and the load 
(L’) vector as features. The remaining unlabeled samples 
were then classified to some certain classes. We chose k-NN 
as the classifier thanks to its simplicity and high efficiency 
which are crucial in accelerating the whole labeling process. 
We noticed that some proportion of samples would be 
misclassified by k-NN, so again we manually reviewed the 
results, picked out those that were misclassified and 
adjusted their labels accordingly. In addition, a confidence 
level could be set in k-NN such that the classified samples 
have a high probability to be classified correctly. As more 
and more correctly labeled samples were obtained by either 
the first or this step, they could be reused in either finding 
more similar samples to them or being included in the 
training data of k-NN to improve the accuracy of the model. 
Through this whole process, we have most of the samples 
correctly labeled and the remaining samples that were 
neither identified in the similarity searching nor easily 

relabeled in the manually reviewing process, which only 
possesses a small proportion (in our experiments they are 
less than 10%) of the overall sample size, were then 
manually labeled as the last step.  

It is necessary to emphasize that all the samples were 
manually reviewed at some stages before they were finally 
labeled, so the accuracy of labeling, which is crucial to our 
further predictions, is ensured. Meanwhile, this whole 
process accelerated the labeling work to a great extent 
compared to manually labeling one by one from a mix of all 
the samples.  By our estimation, this labeling framework has 
saved over 60% of time cost. Without loss of generality, it 
may also be applied in other machine learning problems that 
deal with unlabeled dataset in industrial big data analytics. 

3.3 Predictive M odels
All the samples we collected were labeled and we ended 

up with 11210 samples that would be used in our predictive 
models. They are then randomly split into training and 
testing datasets with a 4:1 ratio, resulting in 8968 training 
samples and 2242 test samples. We investigated four 
different predictive models: 1) Random Forest 2) k-Nearest 
Neighbors 3) Data-based CNN, and 4) Image-based CNN. 

3.3.1 Random Forest 
Random Forest is a machine learning algorithm based on 

ensembles of decision trees and has been proved to be a 
very effective predictive model for both regression and 
classification problems. Similar with many other widely 
used algorithms such as Support Vector Machines, a good 
engineering of features is of great importance for better 
prediction accuracy. Feature extraction of dynamometer 
cards have been investigated and applied in a number of 
previous studies, but it still remains uncertain which features 
are the most predictive ones.  

We extracted the following five categories of features 
for our model training based on the normalized and 
interpolated dynamometer cards, which we think are the 
most indicative and straightforward ones to distinguish 
between different fault types: 

a) The load data itself, namely, L’(u) and L’(l).
b) The subtraction of L’(u) and L’(l).
c) The number of data points of L’(u) and L’(l) in each

equally spaced intervals of the longitudinal axis of the 
dynamometer cards, after all the data points have been 
projected onto that axis. 

d) Key geometric parameters and statistics of the
dynamometer cards. For instance, the total area enclosed by 
the upper and lower curves; the maxima and minima, 
arithmetic averages and standard deviations of L’(u) and 
L’(l).  

e) Other features particularly designed for certain types
of faults. For instance, we counted the number of load data 
points larger than 0.9 due to the fact that for OTL the load 
values are typically apparently lower than MaxL. Also, we 
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counted the number of load data points that are negative in 
the first 20 points of b). This is because when DPB happens 
the ‘tail’ at the lower-left part of the dynamometer cards 
will result in large numbers of negative values for the 
subtraction. These features are actually further derived from 
a) and b) that may identify some faults more
straightforwardly. 

From the five categories above we extracted 349 
features in total for each sample.  We then conducted feature 
selection according to the feature importance learned by 
Random Forest.  We selected the top 200 important features 
for our model training and test. Other model parameters 
were optimized by cross validations.  

3.3.2 k-Nearest Neighbors 
We adopted k-NN, a non-parametric and simple 

classifier that we already used in the semi-auto labeling, as a 
baseline model for comparison. The same engineered 
features as random forests were used and k was chosen to be 
5 in our model. 

3.3.3 Image-based CNN 
It has been well known that neural network is capable of 

nonlinear and multi-class classification problems in machine 
learning. Particularly, CNN allows weight-sharing and 
down-sampling at certain stages of the network and could 
thus vastly reduce the number of parameters, providing an 
efficient architecture for large scale object classifications. It 
was pioneered in 1998 (Lecun, 1998) and has been 
popularized in computer vision community since then. It has 
found broad applications in image recognition (Szegedy, 
2014), face detection (Sun, 2013), natural language 
processing (Grefenstette, 2014) and other areas.  

Figure 3. A typical CNN architecture consisting of input, 
convolution, pooling, fully connected and output layers. The 
feature maps are shown in blue. 

A typical architecture of CNN is as Figure 3 shows. The 
input layer is an image represented as pixel values. The 
convolutional layer (Conv) is the key building block of 
CNN, which computes the output of neurons connected only 
to small local areas of the input image by calculating the dot 
product between the weights and the input pixel values in 
those local regions. This is usually followed by a ReLU 
layer which applies an activation function. The spatial 
pooling layer basically reduces the size of weights by down-
sampling along the spatial dimensions. For instance, a (2, 2) 

max-pooling layer takes the maxima of a 2 * 2 region in the 
feature maps as the input for the next layer, thus decreasing 
the size of parameters by 3/4.  A fully connected (FC) layer 
is similar to normal neural network layers, so each neuron is 
fully connected to the previous layer. The output of FC 
layers is the classification result by class scores. Some of 
these layers could be repeated for a deeper learning of 
features. Besides, dropout methods are commonly used in 
certain layers that disable some portion of neurons to avoid 
over-fitting. 

In this case, we firstly filled the regions between the 
upper and lower curve in each dynamometer card to get a 
grayscale image. They were then resized to 64 by 64 images 
and the pixel values were used as the I-CNN inputs. The 
architecture and parameters of our I-CNN network is as 
Table I shows. A stride of 1 and 0 padding was used in the 
convolutional layers. 

Table I. The Architecture for I-CNN. 

Layer Type Feature 
Maps 

Filter 
Size 

Dropout 

0 Image 64 × 64  - - 
1 Conv 60 × 60 × 32 5 × 5 0 
2 Conv 56 × 56 × 32 5 × 5 0 
3 Pool 28 × 28 × 32 2 × 2 max - 
4 Conv 24 × 24 × 64 5 × 5 0 
5 Conv 20 × 20 × 64 5 × 5 0 
6 Pool 10 × 10 × 64 2 × 2 max - 
7 FC 1 × 1 × 256 - 0.5 
8 Output 1 × 10 - 0.5 

We implemented and trained CNN in Lasagne, an open 
source Python library for deep neural networks based on 
Theano. In the learning process, the weights were initialized 
as a standard Gaussian distribution. They were optimized in 
the training process in terms of cross-entropy loss by 
stochastic gradient descent. The learning rate was set to be 
gradually decaying during the training. A softmax was 
applied in the output layer to get the probabilities of each 
class that sum to 1 and the predicted class was taken as the 
one with the highest probability. 

3.3.4 Data-based CNN 
Although CNN has been well known for its broad 

applications in image recognitions, it is capable of dealing 
with non-image inputs as well in a similar way. While 
random forest requires feature design from the 
dynamometer cards, in our D-CNN the data forms the 
curves, namely, the load vector itself was directly used as 
input of the network. This is because CNN is designed to 
mimic the organization of neurons in human brain and could 
derive and learn the features for the particular prediction 
task by itself.  
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We combined the load data L’(u) and L’(l) and ended up 
with a vector of dimension 200 as the input for each sample. 
We adopted a slightly deeper network than I-CNN 
considering the difficulty of directly learning from the load 
data. The architecture for D-CNN consisting of 14 layers is 
as Table II shows, and a similar learning process was 
applied as the I-CNN. Despite deeper network, D-CNN 
actually resulted in less training time than I-CNN due to 
smaller parameter size.  

Table II. The Architecture for D-CNN. 

Layer Type Feature 
Maps 

Filter 
Size 

Dropout 

0 Data 1 × 200 - - 
1 Conv 1 × 198 × 16 1 × 3 0.1 
2 Conv 1 × 198 × 16 1 × 1 0.1 
3 Pool 1 × 99 × 16 1 × 2 max - 
4 Conv 1 × 97 × 32 1 × 3 0.2 
5 Conv 1 × 97 × 32 1 × 3 0.2 
6 Pool 1 × 49 × 32 1 × 2 max - 
7 Conv 1 × 47 × 64 1 × 3 0.2 
8 Conv 1 × 47 × 64 1 × 1 0.2 
9 Pool 1 × 24 × 64 1 × 2 max - 
10 Conv 1 × 22 × 128 1 × 3 0.2 
11 Conv 1 × 22 × 128 1 × 1 0.2 
12 FC 1 × 1 × 200 - 0.5 
13 FC` 1 × 1 × 200 - 0.5 
14 Output 1 × 10 - - 

4. R ESU LT S A N D D ISCU SSIO N S
We firstly visualized the dataset to better understand the 

structures of the data. In Figure 4(a), the distribution of 
various fault types was plotted in terms of counts of samples, 
showing a highly imbalanced dataset which is commonly 
seen in fault analysis problems. We also applied t-
Distributed Stochastic Neighbor Embedding (t-SNE) 
technique, a dimensionality reduction method developed in 
recent years (Maaten, 2008) to visualize the data. t-SNE 
could embed high-dimensional data into a space of two or 
three dimensions in a way such that similar objects in the 
original high dimension space will end up close to each 
other in the lower dimension space. A scatter plot after the 
sample data was embedded in 2-D space is shown in Figure 
4(b). 5000 samples were shown in the plot and the load 
vector of dimension 200 (L’(u) and L’(l) combined) was 
used as features when applying t-SNE. Each data point in 
the figure represented a corresponding dynamometer card 
and was labeled and colored in the same way as in Figure 
4(a).  

As we can see from Figure 4(b), samples in class 0 (NO), 
5 (TVL) and 9 (ADC) were represented as relatively 
independent clusters, meaning that these classes might be 
easier to be recognized and classified. Conversely, samples 
of other fault types were entangled and mixed with each 

other, which might be difficult to distinguish. For instance, 
class 1 (GI, shown in blue) and class 2 (FS, shown in green) 
are hardly separable in the plot due to the high similarity of 
their corresponding dynamometer cards. This was also 
shown in our classification results in later discussions.  

Figure 4. Visualization of the dataset. (a) Distribution of 
fault types by sample counts. (b) t-SNE embedding in 2-D 
space.   

We then made predictions on the same test dataset using 
the four models described in the method section. The overall 
accuracy rate, defined by the total number of correctly 
classified samples divided by the total number of all 
samples, is summarized in Table III. As we can see, k-NN 
gives the lowest prediction accuracy as expected. Also, both 
D-CNN and I-CNN achieve better accuracy than RF, despite 
the fact that CNN use no designed features while RF 
includes more than 300 particularly engineered features.  

Table III. Overall Prediction Accuracy of the Models. 

Method k-NN RF D-CNN I-CNN 
Accuracy 

 
82.4 90.9 92.0 93.5 

Since the dataset is highly imbalanced, other metrics 
must be considered as well to better evaluate the 
performances of models. In Table IV we summarized the 
precision, recall and F1-score of each class for RF, D-CNN 
and I-CNN. In multi-class classification problems, for each 
class the precision is defined as TP / (TP + FP) and the 
recall is defined as TP / (TP + FN), where TP, FP and FN 
denote the true positive, false positive and false negative for 
that class, respectively. F1-score is the harmonic mean of 
precision and recall which combines both metrics. In the 
table we also included the proportion of samples each class 
takes in the whole dataset. We noticed that k-NN is much 
less accurate so it was not included in the comparison. It is 
clear from Table IV that generally speaking, we could rank 
these three models as I-CNN > D-CNN > RF in terms of all 
these three metrics especially the F1-score. Notably, RF 
behaved poorly on the recall of SVL (0.222) and SP (0.200) 
due to the low proportions of these two classes, but I-CNN 
could still give decent results on them (0.622 and 0.800) as 
well as other classes with very low frequencies. This 
indicates that I-CNN could learn useful features very 
effectively from very limited number of samples.  
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Table IV. Precision, Recall and F1-score of Predictions for RF, D-CNN and I-CNN. 
 

  Precision Recall F1-score 
Class Freq RF D-CNN I-CNN RF D-CNN I-CNN RF D-CNN I-CNN 
NO 0.561 0.946 0.953 0.967 0.981 0.967 0.980 0.963 0.960 0.973 
GI 0.116 0.779 0.810 0.835 0.789 0.817 0.846 0.784 0.813 0.840 
FS 0.156 0.866 0.879 0.922 0.874 0.923 0.912 0.870 0.900 0.917 
PS 0.023 0.864 0.926 0.893 0.895 0.877 0.877 0.879 0.901 0.885 

SVL 0.021 0.769 0.846 0.824 0.222 0.244 0.622 0.345 0.379 0.709 
TVL 0.032 0.969 0.917 0.970 0.875 0.917 0.903 0.920 0.917 0.935 
OTL 0.015 0.720 0.667 0.720 0.692 0.385 0.692 0.706 0.488 0.706 
DPB 0.015 0.935 0.853 0.914 0.879 0.879 0.970 0.906 0.866 0.941 
SP 0.007 1.000 0.541 0.706 0.200 0.867 0.800 0.333 0.666 0.750 

ADC 0.053 0.915 0.947 0.965 0.907 0.915 0.941 0.911 0.931 0.953 

Even though a high accuracy of 93.5% was achieved, we 
further analyzed the performance of I-CNN by looking at 
the misclassified samples and the prediction results from a 
probability perspective. We conclude that some of the 
misclassifications are due to the ambiguity of the labels. 
Some samples could be very difficult to determine a clear 
fault type even for human experts or contains more than one 
fault types simultaneously, thus bringing some label noises 
in the whole datasets. This is further demonstrated in Table 
V where we showed the top k (k = 1, 2, 3) overall accuracy 
by I-CNN. The top k accuracy is defined as the prediction of 
a class as one of the top k classes by the CNN. In this case 
we see that 98.6% of the samples were correctly predicted in 
the top 2 probabilities, which indicates that most of the 
misclassified samples were predicted with the second 
highest probability. 

 
Table V. Top k (k = 1, 2, 3) Overall Accuracy by I-CNN. 

 

 Top 1 Top 2 Top 3 

Accuracy (%) 93.5 98.6 99.6 

 
Due to the process of learning features by itself, CNN 

may need more training time than traditional machine 
learning methods, depending on the complexity of the 
network and the hardware configuration of the training 
platform. However, once the network is trained, it could be 
restored and repeatedly used for model predictions. 
Moreover, as the rapid improvements on hardware support 
such as Graphic Processing Units (GPUs), deep learning 
based approach is becoming more efficient, feasible and 
reliable for industrial applications.  

  

5. CO N CLU SIO N S
We have investigated and developed convolutional 

neural network based approaches for fault diagnosis of 
sucker-rod pumping systems by the automatic recognition 
of dynamometer cards. By comparisons with traditional 
machine learning algorithms such as Random Forest, we 
demonstrated that both the sensor data based CNN and 
image based CNN could outperform traditional methods 
without manually designed features. Specifically, I-CNN 

achieved 93.5% accuracy in our datasets from real oil field 
that covers 9 major faults in oil production industry. The 
technique could be generalized to all configurations of 
pump wells and other fault types as well as long as 
necessary data is provided. This is the first time that deep 
learning techniques have been applied in this problem, 
which could substantially reduce the labor costs and make 
an automatic and reliable diagnosis pipeline possible. 
Besides, we developed a scheme for labeling dynamometer 
cards in large scale semi-automatically and it has been 
proven to reduce the time cost by about 60%. This is 
particularly useful for obtaining high quality data from big 
datasets for future learning when the labels are missing and 
expensive to be identified manually.  

For future work, it would be interesting to make the 
same comparisons if more channels of sensor data is 
involved. As mentioned in the method section, there are 
various sensors apart from the displacement and load 
sensors embedded in the rod pump system such as 
temperature, power or current sensors. These extra features 
together with the dynamometer cards may improve the 
prediction performance further. For instance, data based 
CNN would be expected to work better since more 
dimensions of sensor data is incorporated rather than a 
simple 1-D load data. Moreover, if the relations between 
sensors have physical meanings and are indicative of the 
working condition such as the dynamometer cards, image 
based CNN could be applied by creating and identifying 
more relation graphs between different features. In addition, 
the deep learning framework we developed in this paper is 
not limited in the intelligent fault detection of oil pumping 
systems, but could be widely applied in cognitive 
technologies and big data analytics of other industries that 
incorporate Internet of Things.   
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