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ABSTRACT: 
The purpose of a dyeing process is to impart into a fiber a color that 
has desirable qualities through the use of a bath solution. The success 
of an operation is dependent on a variety of factors including fiber 
content, dye composition, dyebath pH, time, and temperature. In the 
event of a failed run, the addition of a correct amount of each dye that 
will move the dye run from a fail condition to a pass condition is a 
subjective judgement of an experienced operator. This paper 
presents a neural network approach for analyzing the dyeing process. 
Predictions of dye additions were obtained with promising results. 

INTRODUCTION 

A large hosiery manufacturer located in the Southwest operates a dyehouse where 
hosiery is processed prior to sewing. The dyeing operation at the facility consists of 
eight dyebaths which annually process over five million hosiery. A hosiery lot is 
manually loaded into one of the dyebaths. Powder dyes are manually measured, 
dissolved in buckets, and metered into the bath. After each dyebath is raised to an 
specified temperature, a sample fiom each lot is pulled from the drum, rinsed, dried and 
analyzed for color concentration using a spectrophotometer. The color is compared to 
a reference and numerical values are assigned to the sample that indicate the color 
quality. The lot is passed or failed based on the numeric values. If the lot passes, the 
hosiery are rinsed, dried, and routed to the sewing operation. If the lot fails, additional 
dye is added to the bath; the process is repeated until the sample color characteristics 
match the reference. The process attributes affecting the success of a dyeing operation 
are: 1) characteristics of the piece goods being dyed, 2) chemicals and dyes used, and 
3) process and procedure employed. 

The determination of the correct amount of each dye that must be added to the 
dyebath in the event of a failed run is based on the judgement and experience of the 
operator. Frequently, the process of sampling and addition of more dye is repeated two 

mailto:khench@lanl.gov


or three times, resulting in a protracted dyeing operation. The management of the dye 
shop is interested in establishing a mechanism for predicting what dye amounts should 
be added to a dye lot when a failure is indicated to avoid multiple replications of the 
dye addition process. 

Proposed Solution 
A proposed analysis technique should be able to capture the control parameters of the 
process and accurately predict the response of the system. However, the underlying 
characteristics of the dyeing process exhibit non-linear behavior, the data are fuzzy, and 
the decision to padfail a dyelot is often subjective, rendering mathematical treatment 
virtually impossible. A practical approach to this problem should rely heavily on the 
expert’s knowledge of the rules governing the system and the underlying relationships. 
A neural network model can be developed to capture subtle relationships and present 
solutions to problems even when the input data are noisy or incomplete. A neural 
network approach was chosen to determine the correct amount of each dye that should 
be added to the dyebath to move from a fail condition to a pass condition. 

This paper presents a neural network model that determines the relationship 
between the initial dye amounts, the numeric values representing a dyelot failure, and 
the dye additions resulting in a pass condition. The implementation of the neural 
network structures that perform the analysis of the dye operation is described. A 
discussion of the results of the analysis follows with recommendations for further 
research and experimentation. 

Artificial Neural Networks 
The attractiveness in developing neural systems to solve complex problems lies in a 
neural network’s ability to learn fiom training data and make generalizations about new 
situations (Eberhart and Dobbins, 1991). Generalization occurs when a network learns 
the general principles governing a process by extracting the relevant feat-ires in the 
training examples. The key to a neural network’s power is the inherent parallelism 
resulting in fast computation, robustness or error resistance, and adaptiveness or 
generalization. One of the most popular neural paradigms, and the one that has been 
used in this project, is the multilayer perceptron trained using the Error Back 
Propagation Training Algorithm (Dayhoff, 1990). Within the manufacturing 
environment artificial neural systems have been applied to quality control, process 
control, and group technology (Martinez, 1993, Telsaco, 1993, and Charraprty and 
Uptal, 1993). 

NEURAL NETWORK IMPLEMENTATION 

Network Design Considerations 
One of the advantages of the backpropagation algorithm is its applicability to a large 



number of network design architectures; that is, the choices for the number of layers, 
interconnections, learning constants, and data representation (Dayhoff, 1990). The 
problem of selecting network parameters is under intensive research and there are no 
conclusive answers available (Lippman, 1987). Analysis of this problem takes the form 
of experimenting with different design choices and performing simulations, the results 
of which give guidelines for final parameter selection. The measure used to evaluate 
the performance of each network architecture is the prediction of the correct dye 
amounts to be added to the dyebath. 

The design factors considered here are number of hidden layers and number of 
neurons in each hidden layer. The literature suggests a maximum of two hidden layers; 
additional layers yield a negligible improvement in performance (Rumelhart, et al., 
1986). The number of input neurons is simply identical to the dimension size of the 
input vector. The number of output neurons equals the number of process control 
parameters. 

The network for the prediction of dye additions was constructed in two phases. 
First, the training and test data was obtained from the hosiery facility, and an initial 
network architecture was constructed for training. Secondly, a sensitivity analysis 
procedure was conducted to determine network configuration that yielded the best 
predictions. The next section describes the pertinent input and output parameters of 
the dyeing operation. 

Dyeing Process Control Parameters 
The colors and styles of hosiery manufactured at this facility vary with the seasons; 
however, the color suntan accounted for 35% - 40% during the analysis period. 
Because of the availability of dyeshop data for suntan, this color was chosen for the 
analysis of the dyeing operation. 

Three dyes are used to achieve the suntan color: yellow, red, and blue. The dyes 
are initially introduced into the dyebath by adding gram quantities specified by a 
“recipe” that accounts for hosiery style and size range (some styles are heavier resulting 
in different absorptivity and the larger sizes influence the dyestuff/liquor ratio). A 
sample is pulled from the dyebath and measured on the spectrophotometer. Values are 
assigned for the following dye characteristics: darkness, chroma, hue, a composite value 
based on the values for darkness, chroma, and hue, and relative darkness, redness, and 
yellowness. 

The subjectivity of the padfail decision process lies in the evaluation of these dye 
characteristics. The software in the spectrophotometer system indicated when a value 
is out-of-range; however, the recommendation may be ignored by an experienced 
operator who after reviewing the values as an aggregate, determines the sampled color 
is “close enough” to the desired color. For instance, a dyelot may be passed even 
though the composite value exceeds 1 .OO if the rest of the dye characteristic values are 
within range. The challenge in designing a network to model the dyeing process was 



to choose a representation that considers the initial dye amounts and the dye 
characteristic values that result in a fail condition and produce recommended dye 
amounts that will result in a pass condition. 

A Neural Network Architecture to Predict Dye Additions 
Based on the description of the process control parameters, the following variables were 
chosen as inputs to the neural network: 

Initial dye amounts for yellow, red & blue 
Darkness (concentration) 
Chroma 
Hue 
Composite value 
Relative Darkness 
Relative Redness 
Relative Yellowness. 

The output variables to be predicted by the network were the dye addition amounts for 
yellow, red, and blue. 

In practice, the accuracy of the network predictions cannot be directly evaluated 
based on the output dye additions alone, and better performance criteria for measuring 
the prediction accuracy were needed. The color characteristics were judged by the 
process experts to be more indicative of the network's ability to yield a correct 
prediction. A second network was constructed using the predicted dye additions as 
input variables to produce dye color characteristic values representing a pass condition. 
The ten input variables for the second network were the seven dye characteristics values 
representing a fail condition and the three predicted dye amounts fiom the first network. 
The outputs of the network were the seven dye characteristic values for a pass 
condition. It should be emphasized that the second network was developed only as a 
tool to aid in evaluating the performance of the first network in predicting dye 
additions. 

Data Preprocessing 
Prior to presenting data to the neural network model, the values of the input variables 
were preprocessed. The initial dye amounts are expressed in hundreds while the dye 
characteristic values are expressed in hundredths. In order to avoid introducing a bias 
of the values of the connection weights, preprocessing consisted of normalizing all 
input values in the range [-1,1]. This range provides a wider linear portion of the 
activation function (tanh) that prevents saturation and speeds learning. 
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RESULTS 

Comparison Between Network Configurations 
The following four network configurations were used in the analysis. Each these 
configurations used the same training and testing data. 

1. One hidden layer with five nodes 

2. One hidden layer with twenty-one nodes 

3. Two hidden layers with five nodes in the first, ten in the second 

4. Two hidden layers with ten nodes in the first, twenty-one in the second 

TABLE 1: COMPARISON OF THE PERFORMANCE OF THE 
NETWORK CONFIGURATIONS 

Configuration # hidden # nodes #values out # incorrect 
layers per layer of range predictions 

1 1 5 22 9 
2 1 21 19 5 
3 2 5,lO 15 0 
4 2 10,21 25 6 

The third network configuration with two hidden layers (five nodes in the first layer 
and ten in the second) yielded the best predictions. Although there were individual 
values outside of the acceptable ranges, the values did not significantly exceed the 
ranges (herein lies the fuzziness of the decision process). When the dyeshop manager 
viewed the dye characteristic predictions as a composite of values, he determined that 
the dye additions that were predicted by the neural network yielded a pass condition in 
each of the nineteen test cases. The results of the four configurations are consistent 
with the literature which suggests that a complex function can be better approximated 
with two hidden layers; however, the connections within the network must be 
minimized to yield successful results. 

CONCLUSIONS 

The success of a dyeing operation is dependent on many factors including fiber content, 
dye composition, dyebath pH, time, and temperature. Padfail decisions for a particular 
dyelot are based on the subjective judgement of process experts when presented with 
values representing dyelot characteristics. In this paper we presented a two-phase 
approach to the development of a neural network architecture to determine the 
underlying function that governs the dyeing process. 



The outputs of the first network were the predicted dye additions that would move 
the dyelot from a fail state to a pass state. The second network was developed to verify 
the accuracy of the predicted values by the process experts. The methodology was 
applied with very promising results. In every test case, the network predicted dye 
additions that would pass the dyelot. Further development and experimentation is 
required to determine the feasibility of implementing this system on a larger scale. 

REFERENCES 

Baird, B. R. and W. T. Holfeld, A New High-Value Process for Dyeing Nylon: An Overview, Technical 
Report, Du Pont Fibers, Wilmington, DE. 

Basics of the Art of Dyeing and Dyeing of Nylon Panty Hoses, dye process training materials provided 
by hosiery manufacturer. 

Cybenko, G., (1988). Continuous Valued Neural Networks with Two Hidden Layers are Sufficient, 
Technical Report, Department of Computer Science, Tufts University, Medford, MA. 

Charraprty, Kanda and Roy Uptal, (1993). Connectionist Model for Part Family Classification, 
Computers and Industrial Engineering, 24(2), 189-198. 

Cook, Deborah F. and Robert F. Shannon, (1992). A predictive Neural Network Modeling System for 
Manufacturing Process Parameters, International Journal of Production Research, 30(7), 1537-1 550. 

Dayhoff, J.E., (1990). Neural Networks Architectures: An Introduction, van Nostrand International 
Company, New York. 

Eberhart, R. C., and R. W. Dobbins, editors, (1991). Neural Network PC Tools: A Practical Guide, 
Academic Press, San Diego, CA. 

Godwin, J. Udo, (1 992). Neural Networks Applications in Manufacturing Processes, Computers and 
Industrial Engineering, 23( 1-4), 97-100. 

HerIant, M. A., (1988). Dyeing with Acid Dyes, Technical Report, Crompton & Knowles Corporation, 
Charlotte, NC. 

Hornik, K., M. Stinchcombe, and H. White, (1989). Multilayer Feedforward Networks are Universal 
Approximators, Neural Networks, (2), 359-366. 

Lippman, R., (1987). An Introduction to Computing with Neural Nets, IEEE ASSP Magazine, (4), 4-22, 
IEEE, New York, NY. 

Martinez, Sergio, (1993). A Neural Predictive Quality Model for Slip Casting Using Categorical Metrics, 
in Proceedings. of IIE Conference, Los Angeles, 265-269. 

Rumelhart, D.E., McClelland J.L., and the PDP Research Group, (1986). Parallel Distributed 
Processing: Explorations in the Microstructure Cognition, Volume 1, MIT Press. 

Telsaco, Tomas, (1993). Interfacing Process Quality Control and CIM Through Application of Artificial 
Neural Networks, in Proc. of IIE Conference, Los Angeles, 280-284. 


