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Abstract. The objective of a chemical treatment to an oil well is to increase 
the crude oil production using chemical products. An artificial neural 
network (ANN) has been trained with a number of cases to forecast the 
production gain after a cleaning treatment with the lowest MSE. This ANN 
is a feedforward with a hidden layer of twenty logsig nodes and a tansig 
output node using input variables such as: (oil production time series, type 
of treatments, choke diameter). The gain in oil production was calculated as 
variation with respect to the lowest value before treatment and was included 
as the output of the model. As an outcome a window time five production 
data were chosen, three from past, one at the time of the treatment and 
another after the treatment was applied (future). Likewise, to simulate the 
treatment type, the chemicals specific of each treatment were represented as 
a binary series. 
  
Keywords: artificial neural networks, oil well treatment, acids and systems, 
chokes valves, oil production forecast. 

 

1 Introduction 
 
Well cleaning and formation stimulation are two of the usual remedies to make an oil well 
to produce at its maximum potential.   
Cleaning means the elimination of any invasive material affecting the natural formation 
porosity and permeability near wellbore. This effect is commonly referred as wellbore 
damage and the region of altered permeability is called the skin zone, which can extend 
from a few inches to several feet inside the formation [1]. Thus, the permeability near the 
wellbore is always different from the permeability away from the well where the 
formation has not been affected by any intervention. Flow restrictions into the wellbore 
create additional pressure drops (skin) and reduce well productivity. 
Accumulation around the wellbore producing zone of drilling mud, drill solids or cement 
slurry, contributes to reduce the rate of oil flow. Most of the material enters the formation 
during drilling, completion or workover operations. In shaly producing formation, the 
drilling mud used in a workover operation can cause clay swelling, insoluble salts 
precipitation or emulsions which can lead to stop completely the oil flow. In order to 
reestablish the oil flow the wells with formation damage should be treated with acids, mud 
cleanout agents, wetting agents, and/or other chemicals. Such chemicals are pumped into 
the formation following highly specialized operations which require special pump trucks 
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and equipment, and they are usually performed by companies specializing in this type of 
work. The fundamentals of acidizing process were explained for the first time in “Design 
of Acid Fracturing Treatments” of Williams, B, B. and Nierode [2] followed by the book: 
“Acidizing fundamentals” of Williams B. B., Gidley J. [3]. However, since then, the 
acidizing techniques were evolved including a variety of chemicals and acid types and 
systems. The acid can be pumped within the formation as conventional or retarded acid 
systems. Additionally, the acid treatment is used to remove the formation damage, to 
increase the matrix permeability in undamaged wells or to open fractures. The difference 
lies down on the pressure used to pump the acid inside the formation; below or above the 
fracturing pressure of the reservoir rock, respectively. A part from acid there are a series 
of additive such as: biocide, breaker, brine, corrosion inhibitor, crosslinker, demulsifier, 
friction reducer, gel, iron control, oxygen scavenger, pH adjusting agent, proppant, scale 
inhibitor, surfactant, etc. Therefore, the adequate techniques should be selected or 
designed depending of the nature of the damage and the reservoir rock properties. 
Limestone responds well to acidizing techniques at low pressure, while in dolomite rocks 
the acid solution should be pumped at high pressure to open fractures. The most likely 
expected result is an increment of the permeability near the wellbore a decrement of the 
pressure drop and the recovery or the increment of the production level.  
For fracturing jobs, the pressure to break the formation is defined as Bottom Hole Fracture 
Pressure (BHFP) and depends on rock properties, the depth of the production interval and 
the reservoir pressure. The result of such operation and the amount of production gained, 
however, are not always easy to forecast.  
In order to produce the reservoir at the most efficient possible rate, a mechanical device is 
required to control the rates of gas flow –especially for multiphase flow –and to maintain 
a certain level of pressure drop, which results in more stable production. This flow 
restriction mechanism is a wellhead valve, known also as a choke valve, which is used for 
regulating flow volume and back pressure. Such device is located normally at the head of 
the well as part of the Christmas tree and manifolds, although, for water control a similar 
device can be located at the bottom of the well. The size of the area opened to the flow 
can be changed within a certain range and in such way the flow rate is modified. Selection 
of the adequate diameter of the choke valves requires a Nodal analysis [4]. 
Cleaning treatments evaluation is not an easy task since the results –the oil production 
gain –depends on a series of variables such as: lithology of the formation; chemical 
products characteristics, their volumes, sequence and pumping pressure to the formation; 
well characteristics such as the number of choke which splits the production, their 
diameters and the choke change. Neuronal Network methods represent a good prospect 
for treatment evaluation due to their ability in pattern recognition, classification and time 
series forecasting.      
Neural Networks mimic the neurological system through a high connectivity and massive 
processing employing lots of simple computing elements called neurons or nodes; in this 
work we will prefer the term nodes. This model maps input data of independent variables 
into a certain kind of data of dependent variables even if the relation input-output is 
strongly nonlinear [5-7]. The network has an input layer where data can be processed or 
preprocessed or just distributed by connections to the next layers called hidden layers; 
where data is processed by the activation functions of each node to proceed to the next 
layer for additional processing, till reach the output layer where the network response is 
obtained. Through examples, it is possible to train a network using the backpropagation 
algorithm [8, 9] to learn a relation between a data set of different inputs-outputs to a 
system with no regard of the complexity in the natural function relating those data. It is 
necessary to set the number of layers and the number of nodes in each layer so that the 
network has processing units enough to become skilled at the intrinsic relation between 
inputs and outputs. The learning process is undertaken by an algorithm as Levenberg-
Marquardt [10, 11] for example, that adjusts the weights of connections between nodes so 
that the transmissions of signals through the network are amplified or weaken in order to 
construct the network response for different inputs. After training the network must be 
capable to generalize but not memorize a function relating inputs-outputs that it saw 
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during training; the skill to generalize gives to the network a real usefulness to make 
classifications or forecasts. However, the success of training the network depends on other 
factors as the activation function chosen for nodes of different layers, the kind of training 
algorithm and the number of hidden layers and nodes in them. A network with too much 
nodes can last longer in training and maybe not learn so good, while a small network may 
not generalize so good enough. The network's ending topology (the architecture of the 
network) is reached through a trial and error process that not takes too much time because 
there are certain rules of thumb that guide the network design. 
Then a technique from Artificial Intelligence field as neural networks offer the capability 
to relate all that input-output variables including its dynamics in a single model that 
relates them in a black box fashion but consuming some minutes in its training; the most 
difficult part of the model construction is to choose and normalize the variables and the 
network topology (the architecture of the network) design, but these tasks take a 
reasonable amount of time. 
 

2 Neural Networks in Oil Reservoir Management 
 

Neural Networks have been applied in oil industry to solve different kind of problems and 
proved to be more efficient tools than traditional forecasting solutions for: oil well 
production forecast [12-13]; oil well content forecast [14- 15]; reservoir characterization 
[16-24]; well interactions forecast [25]; oil well drilling strategies [26]; oil recovery 
forecast [27, 28];  docking in deep water for oil extraction [29] and as f the crude oil price 
forecasting [30]. 
Particularly, neural networks have shown special easiness for time series forecasting [11, 
31]. Different kind of topologies and training methodologies has been presented according 
to the problem to resolve. For example, Thararoop [26] tested different dimensions in the 
hidden layer as well as the number of hidden layers, till he reached the best oil well 
prediction. He et al. [12] employed a back propagation neural network to predict oil well 
performance using only time series and geographic locations and without reservoir data; 
in this paper they solve a problem very similar to our problem: the several time series and 
the relations between well that should correlate. Godoy-Simões [29] proposed solutions to 
simulate the dynamical behavior of ships and forecast its position when drilling task 
undergoes in deep water. He et al. [12] use historical production data to train a neural 
network and forecast oil well performance. Kulkarni and Haidar [30] compare the 
performance of different neural network topology by changing the number of the past 
samples that enter to the network, therefore the number of inputs to the network, and the 
number of steps ahead, till they reach the best forecast. 
Elkamel et al. [32] applied a neural network to predict the breakthrough oil recovery using 
water flooding as EOR technique. The same author [33] includes in the network a 
surfactant as an input. B.C. Gharbi [34, 35] trained a neural network to scale laboratory 
miscible displacements in heterogeneous reservoirs to predict the fractional recovery 
curves. Ibatullin et al. [36] applied a neural network to simulate and predict the effect of 
different methods of EOR regarding selected groups of variables such as: petrographic 
and petrophysical properties, fluids properties, injectors well neighbors and to production 
rates of oil and water. 
Particularly, neural networks have shown special easiness for time series forecasting [11], 
[31]. Different kind of topologies and training methodologies has been presented 
according to the problem to resolve. For example in [26], the authors test different 
dimensions in the hidden layer as well as the number of hidden layers, till reach the best 
oil well prediction. In [12] they employ a back propagation neural network trained with 
historical production data to predict oil well performance without using reservoir data, just 
time series and geographic locations; in this paper the problem that they pose is very 
similar to the problem that we are trying to solve due to the several time series and the 
relations between well that we need to correlate. Kulkarni and Haidar [30], compare the 
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performance of different neural network topology changing the number of past samples 
that enter to the network, therefore the number of inputs to the network, and the number 
of steps ahead, till they reach the best forecast. 
Elkamel et al. [32] applied a neural network to predict the breakthrough oil recovery using 
water flooding as EOR technique. The same author [33] includes in the network a 
surfactant as an input. B.C. Gharbi [34, 35] trained a neural network to scale laboratory 
miscible displacements in heterogeneous reservoirs to predict the fractional recovery 
curves. Ibatullin et al. [36] applied a neural network to simulate and predict the effect of 
different methods of EOR regarding selected groups of variables such as: petrographic 
and petrophysical properties, fluids properties, injector wells neighbors and to production 
rates of oil and water. 
However, as far as we know, in literature there is not any other application of the neural 
networks focused on the issue presented in this paper. In this paper the design of a 
methodology base on a neural network is dedicated to forecasts the increment of the oil 
production rate as a consequence of the cleaning treatment. 
The type of chemical products, the operational condition of the cleaning treatment 
(pressure, chemical injected volumes and the sequences of injections) and the well 
conditions (choke valve diameters before and after treatment) were considered as the main 
parameters in our model.  
 
 
3 Methodology 

A sequence of three phases for collection, normalization and selection of data for train the 
neural network model was undertaken as is shown in Figure 2. This process regarded 
historical data of wells in a field; petrographic and petrophysical properties, oil production 
rates, chokes positions, head pressures and mainly the sequence of stages, pressures, 
volumes and kind of substances applied during interventions for maintenance or 
stimulation of wells in the reservoir. In Figure 2 all variables are classified as follows. 

	  

Fig. 1. Sequence of data processing to feed the neural network model. The dotted lines 
indicate that these variables are regarded in future versions of the model. 

	  

1.1
Formation type:

KI, JST, JSK

Phase 1

Phase 2

Phase 3

1.2
Lithology
-Limestone
-Dolomite

1.3
Oil Production 

Rates, bbl

1.4
Chemical 
Products (see 
Table 2).

-Type 
-Volumes

1.5
Treatment 
conditions:

-Pressure
-Sequence 

1.6
Conditions at the
well head:
-Choke diameter
and location

1.2
Formation Data 
Normalization

2.2
Normalization of 
Oil rates and ΔQi

2.3
Chemical Products 
and Operational 
Conditions 
Normalization

2.4

Choke Diameter 
Normalization

3.1

ANN Training

3.2

ANN Testing
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4 Case history 
 
The Jujo-Tecominoacán field is located 63km SE of Villahermosa (see Fig. 1) and it 
comprises a NWSE oriented anticline with double closure, with Jujo in the SE and 
Tecominoacan in the NW.  
The Jujo-Tecominoacan field is affected by a series of normal and inverse faults form 
individual blocks apparently in hydraulic communication. Production comes mostly from 
dolomites of Jurassic (Kimmeridgian) age with minor contribution from dolomites of 
Jurassic (Tithonian) and Lower Cretaceous ages. 
	  

 

Fig. 2.	  Location of Jujo-Tecominoacán field. 

 

Phase 1. Selection of variables. 

Historical data of wells in a field has been collected, normalized and used to construct a 
model based on neural networks as shown in Figure 3. The rock composition 
corresponding to the three production formations, Upper Jurassic Kimmeridgian (UJKim), 
Upper Jurassic Tithonian (UJTith) and Lower Cretaceous (LC) are presented in Table 1. 
The analyzed wells were completed with 3 ½ ″ tubing; production was split in half at the 
wellhead and each flowline had a choke. The diameters of the chokes vary from a 
maximum of 1” to a minimum of ½”. 
Maximum pressure used during a cleaning treatment: 4500 psi (well J-24, 28/02/2001) 
and 3300 - 3800 psi (well J-25, August 21, 2002). 
Table 2 shows a list of chemical products used for the stimulation and cleaning 
treatments. 
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Table 1. Produced formations and their lithology. 

Top Bottom Dolomia Limestone Claystone
Min 4558.52 4618.15 0.01 0.02 0.05
Max 5906.25 6012.68 0.88 0.92 0.25
Mean 5143.49 5244.90 0.33 0.52 0.10
Std Dev. 300.81 309.68 0.30 0.30 0.04
Min 4618.15 5023.00 0.15 0.00 0.03
Max 6012.68 6674.65 0.90 0.76 0.16
Mean 5241.02 5611.89 0.77 0.11 0.08
Std Dev. 305.02 329.09 0.17 0.16 0.03
Min 5023.00 5231.00 0.78 0.00 0.02
Max 6674.65 7399.90 0.93 0.08 0.10
Mean 5594.47 6081.71 0.88 0.03 0.05
Std Dev. 324.69 417.14 0.03 0.01 0.02

UJTith

LC

UJKim

Note: UJKim = Upper Jurassic Kimmeridgian; UJTith = Upper Jurassic 
Tithonian; LC = Lower Cretaceous

Depth, mStatistic 
parameters

Formation Lithology, vol. fraction

 

 
Table 2. Type of chemical products used for well treatments. 

Products Type of chemical
OSA-M Oil soluble Acid
HCL Hydrochloric Acid
Fe Acid prevention of hydrated Fe oxides
HRA Retarded acid system 
ClyFix Clay stabilization agent
ZCA Zonal coverage acid
HTA746 High temperature system
CCA Carbonate completion acid

NVS-A
Water-based fluid used to remove 
oil-based muds

NVS-O Oil-based fluid used to remove of 
oil-based mud

SCA Sanstone Completion Acid
Guidon AGS acid guidance system
ParaCheck Paraffin inhibitor
Targon Highly polar asphaltene solvent
Xylene Aromatic compound  

Phase 2. Normalization 
 
Variables have an effect on oil production behavior were selected  and the ANN model 
was constructed using 75 cases assembled from data of 32 wells; 40 cases were used for 
training from which on turn 22 were used for training, 14 were used for validation and 14 
for testing the training. The other 35 cases were used to test the generalization capability 
of the network due to they were never seen by it. The complete data set of 75 cases was 
constructed with five monthly samples of each variable. 
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As an outcome a window time five data were chosen, three from past, one at the time of 
the treatment and another after the treatment was applied (future). The production data 
sets were normalized to reflect the production declination previous to the treatment and 
the expected increment as a consequence of the treatment, being the cross by cero the time 
of the treatment application. This kind of linearization helps the network to generalize 
between different declining slopes associated to a production variation. Likewise, to 
simulate the treatment type, the chemicals specific of each treatment were represented as a 
binary series. 
In the first place, oil production data were normalized to a range between 0 and 1 with the 
following method: (Qi –Qmin)/(Qmax-Qmin). Figure 3 shows an example of normalization of 
three time series, colored in red.  
Additionally, for treatment analysis oil production date corresponding to three months 
before treatment and a month after the treatment were selected. Each monthly sample of 
this output variable undergoes normalization in order to get negative values of production 
variation, ΔQi, before the treatment and positive values after it by calculating ΔQi as a 
difference between each production rate at time of the treatment and that corresponding to 
time series before treatment, t-i and after treatment t+i. 
Then the network is trained to forecast how much will change ΔQi after the treatment. 

 

Fig. 3. Three cases of a well are chosen to training the network because substances under 
study are present. 

Phase 3. ANN design and results 
To construct the ANN model (Figure 4), 75 cases were assembled using data of 32 wells; 
40 cases were used for training from which on turn the software package employed 22 for 
training, 14 were used for validation and 14 for testing the training. The other 35 cases 
were never showed to the network; then after the training they were used to test the 
generalization capability of the network due to they were never seen by it. The complete 
data set of 75 cases was constructed with five monthly samples of each variable. 
From the beginning it was decided to use a two layer Feedforward network. However, 
after a series of tests on the number of nodes in the hidden layer and activation functions, 
the topology of the network with the smallest MSE was one with twenty hidden nodes 
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type hyperbolic logarithm, the output node type hyperbolic tangent and 70 inputs; five 
samples of each input variable. 

	  

Fig. 4. Schematic of the topology for the ANN model. 

 
Figure 5 shows the forecasted gain values for the cases used for training and it is clear that 
the network follows the tendency of data; which means that it is not behaving as a 
memory that learned perfectly, but it gives a general answer to each case. 
 

 

Fig. 5. Network response to cases of training. 
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On the other hand, the answers to the cases which the network never saw are shown in 
Figure 6, where it is clear that the network, as in Figure 5, follows the tendency of data, 
but in this case, prevalent conditions are different and in fact those are cases of different 
wells. Figure 7 shows the answer for all the cases and then in Figure 8 the squared error is 
shown for each case.  It is clear that the biggest mistakes are made on data never seen; 
however the MSE reached by this network is 0.04. 

 

Fig. 6. Network forecasting data never seen; it is data from distinct wells. 

 

 

Fig. 7. Network responses for all the cases, since number 40 onwards are predictions. 
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Fig. 8. Squared error for each case. 

 
Conclusions 
This is the first attempt to apply ANN to evaluate the cleaning and stimulation treatment 
procedures and operational condition used in oil wells and forecast their effect on oil 
production. The neural network was trained to forecast the slope change in oil production 
and it is able to make predictions not only for wells of the data set of training, but also for 
other wells of the same reservoir. The sensibility of the net toward the selected set of 
variables should be evaluated too. 
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WORKSHOP PROCEEDINGS
4   Data mining 
4.2.   Effect of treatments on oil well production by ANN 
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