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Abstract— Electronic component solderability is an essential 

capability in electronics manufacturing. It determines an 

electronic component's ability to be reliably and repeatably 

soldered onto a circuit board in an automated production 

scheme. However, conventional solderability assessment is a 

destructive test that is performed on samples only. A novel, 

automatic, and non-destructive method for assessing the 

solderability of electronic leads based on deep visual inspection 

(DVI) is presented. The solderability is correlated to the surface 

reflectance which is degrading by corrosion and intermetallic 

reactions. The inspected components' solderability is assessed 

by acquiring micro-features in images through a combined 

supervised and unsupervised machine learning system. The 

former is designed to evaluate the homogeneity of the leads and 

the latter is designed for assessing soldering leads by classifying 

them into leads with good and poor solderability, based on their 

apparent-age. The models are trained using multiple images of 

a variety of soldering leads from different ages and therefore 

different solderability conditions. The experimental results 

show that components from the same package do not have 

homogenous solderability. Furthermore, while the leads mostly 

fit their apparent-age, some have solderability corresponding to 

apparent-older components. This method allows for continuous 

real-time 100% component screening, with very high 

classification accuracy. The presented method paves the way for 

a radical improvement in manufacturing quality by assuring 

that only components with good solderability are used during 

assembly. 

Keywords—Electronic component, solderability, quality, 

machine learning. 

I. INTRODUCTION  

Electronic component solderability is an essential 
capability in the electronics manufacturing domain. It stands 
for the ability of an electronic component to be reliably and 
repeatably soldered onto a circuit board in an automated 
production environment [1]. To obtain a reliable and 
repeatable soldering process, the production parameters are 
optimized by the electronic manufacturer. This process 
includes managing the board preparations, solder paste 
dispensing, component placement, and reflow parameters. 

  However, the conditions and the solderability of the 
soldering leads in the electronic components are rarely 
evaluated before assembly. This is because of the assumption 
that the proficiency of the assembly process is sufficient to 
mitigate the variations within the acceptable parameters of the 
component leads. There are several conventional methods to 
assess the solderability of an electronic component [2]. In the 
defense industry samples from a component batch that are 
suspect of poor solderability are required to be inspected 
according to MIL-STD-202, Method 208 [3].In the 
automotive industry, the ISO-26262 standard is used  [4], [5]. 
Typically, samples of the tested components are selected and 
tested under specified conditions to gauge the solder wetting 
ability on the component leads and the strength of the bond. 
The evaluation process is either by visual examination of the 

solder coverage on the leads after the solder dip process or by 
evaluating the strength of the bond after reflow. This 
conventional process is manual, labor-intensive, expensive, 
and performed on samples only. 

Soldering quality assessment after the assembly as a part 
of the Automatic Optical Inspection (AOI) was presented at 
[6] and using machine learning convolutional neural network 
(CNN) was presented by [7], [8]. The average true positive 
accuracy of manually detecting the soldering fault with the aid 
of a magnifying glass is almost 90% and the faults detection 
accuracy using Convolutional Neural Network CNN, in this 
case, was 84%. Visual processing of the soldering quality 
based on CNN can be powerful in achieving human-level 
accuracy if they are trained on a large dataset with an equal 
number of diverse examples [7].   

Unfortunately, in many cases, this is not sufficient to 

ensure a reliable bond for all the assembled components. This 

is because the underlying assumption is that sampling one 

component out of a batch represents the entire population. At 

the same time, there are many cases where this assumption 

yields to the reality of electronic components trade. For 

example, contemporary counterfeit components can be mixed 

with authentic ones in a variety of packs and avoid detection 

by sampling screening techniques. Another example is that 

components in the inner part of a reel package have different 

humidity exposure than the reel's outer part [9]–[12]. 
In this work, we present a novel approach to estimate the 

apparent-age, and as a result, the solderability of the 
component based on the optical surface of the soldering leads. 
The solder-leads are the fastest aging part of the component, 
as it is made of a metallic compound that corrodes and decays 
by intermetallic interaction [13].  

 

Fig.  1. Spectral reflectance in the range of 400-900 nm from the surface of 
a resistor of package 1206 component made by Yaego inc. with leads A-G 

of random ages. 
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 As a result, the lead conditions is an excellent indicator of the 
component's apparent-age, storage, and handling conditions. 
The proposed method is based on deep visual inspection 
(DVI) of images of components. The images may be taken 
either by reel-to-reel inspection machines or the  SMT 
mounting cameras that are used in most pick-and-place 
mounting machines [14]. In this work, we show that the 
intrinsic features of leads with good and poor solderability can 
be machine-taught to create a highly efficient classification 
model capable of estimating the solderability of the 
components in real-time. 

II. SPECTROSCOPY OF SOLDERING LEADS 

According to the industry-standard components are 
typically usable within 18-36 months of manufacturing, 
assuming that they are stored and handled well [1]. During that 
time, the deterioration of the leads remains negligible and is 
not expected to harm the solderability. After that time, 
corrosion and intermetallic degradation of the leads becomes 
noticeable and may affect the quality of the joint and as a 
result, of the product [11], [13]. However, leads degradation 
is a statistical phenomenon that results in a decrease in 
production yield and reliability. This is because a lead with 
poor solderability may become a soldering failure in only a 
small ratio of the solder joints during the product life-cycle. It 
does not imply that all old components are not-solderable. 
This is why solderability issues are very difficult to detect 
using post-assembly conventional sampling tests. 

The soldering leads and balls are made of inherently 
chemically unstable materials that age faster than all other 
parts of the electronic component. The surface of the leads 
grows an oxidation layer. In addition, intermetallic reactions 
in the leads are progressing with time [1]. Both degrade 
solderability in time. The degraded oxidation layer and the 
metallic morphology has a different appearance and 
reflectivity than that of the surface of a fresh lead within its 
first 18-36 months from manufacturing.   

The change in color and roughness changes the way light 
is reflected from the surface of the lead [15]. The change in 
reflectance is similar to the difference in reflectance between 
clear and tainted mirrors (Fig.  2). To quantify this, we have 
performed an emissivity measurement of the component 
surface. 

A. Emissivity Spectroscopy Test Setup 

We have evaluated the spectral reflectance of components 
using a light source and a spectrometer. The setup included a 
Tungsten Halogen UV/VIS light source and an OceanOptics 
STS-VIS-L-50-400-SMA spectrometer. The light source and 
detector were placed at a distance of 8 mm from the 
component surface. The spectroscopy was performed in the 
400-900 nm band. An example of the obtained spectrum for 
leads of different production times is presented in Fig.  1.  

From Fig.  1 it can be seen that there is a difference in the 
spectral reflectance between the measured components. The 
differences in emissivity are attributed to the surface finishing 
changes that take place during aging. This suggests a visual 
and measurable change in the solder-leads that vary with the 
solder-leads aging process. The assessment of the emissivity 
does not necessarily need to be performed by UV/VIS 
spectroscopy. In this works, we show that it can be assessed 
using a simple camera image. 

 

Fig.  2. Solder meniscus rise evolution at 16 hours after thermal cycling [13]. 

The effect of degradation on the surface morphology can be easily seen. 

The reason for the change in surface texture is the 
morphology changes occur with aging. This was simulated 
and presented by [13]. Fig.  2 from [13] presents the gradual 
change in surface morphology during thermal cycling, which 
simulates the aging of the leads. The surface is initially flat, 
then during aging, it becomes wavy by the shifting of the 
metallic alloys and the growing of a brittle corrosion layer. It 
eventually generates discontinuities in the surface finish.  

III. METHOD 

 We classify the solderability of the leads by learning how 
the solder-lead of a component reflects the light versus how a 
lead with poor-solderability component does. The light 
reflection can be performed by analyzing the component 
image and/or analyzing its reflectance spectra in the UV/VIS 
band. In addition, the component’s apparent age can be 
estimated based on the gradual degradation of the lead’s 
reflectance. 

This information is available by examining the surface of 
the soldering leads. We have found that visual analysis of the 
component image using artificial intelligence methods can 
detect the degradation of the soldering leads which cause poor 
solderability. In order to train a model that correlates the 
image of the leads and its solderability, we need to design a 
neural network based on multiple images of leads.  

A. The source of the component images 

The solderability is assessed by deep learning techniques 
on visual images of the component leads or balls. In this work, 
we present the algorithm we performed on the images of the 
leads.  

Most modern Surface Mount (SMT) pick-and-place 
machines utilize a 100% component bottom-side 
monochromatic imaging during assembly to accurately 
measure the pick-up location and angle on the nozzle of the 
machine. We have configured an SMT pick-and-place 
machine, ASM-Siplace, Sirio series component-shooter to 
export the images for similar analysis. In this case, the images 
are obtained from the bottom side of the component during the 
mounting pick-and-place process.  

 Another method to obtain components images is by using 
a reel-to-reel inspection machine equipped with a vision 
system. We have used Cybord MLab, based on V-Tek TM-50 
machine rigged with a Keyence vision system model CV-
X450F with a 5MP color CCD to capture the component 
images (see Fig.  3). The top view images are taken through 
the cover tape of the reel. By using this method we can obtain 
component images at a rate of 10 images-per-second which 
allows inspection of the many components that are required 
for robust machine learning. 
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Fig.  3. Reel-to-reel inspection machine (Cybord MLab). 

B. Solderability estimation algorithm 

The solderability is estimated by deep learning methods 
performed on the images of the soldering leads of the 
components. First, we use the manufacturer year code to 
calculate the manufactured age of each item. We use this data 
to train a model so it can predict the items' age with the least 
prediction error. 

It is important to note that the manufactured year does not 
directly reflect the real quality of the lead. This is due to 
differences in storage and handling conditions that may cause 
accelerated aging to the soldering leads, thus, degrading the 
“age” of the leads. In addition, there is a distribution to the 
conditions of the leads in both leads with good and poor 
solderability. 

The neural network is designed to fit a linear regression 
model so that the distance from the input dataset to the line is 
minimized. The next step is to use the regression model to 
predict the age of components from the validation set. The 
components are sorted by the estimated or predicted age and 
then we choose a split point (age value) to split it into 2 groups. 
The splitting point is at least 3 sigma’s between the two 
groups. 

The solderability is evaluated by using a tier algorithm. 
The first tier evaluates the bulk uniformity of multiple 
components from the same transport-package (reel) using an 
unsupervised approach. The second tier classifies each lead to 
a group of manufacturing years using a supervised 
classification algorithm. The third tier classifies each lead to 
two extreme classes of solderability state: good or poor 
solderability using a classification model. In the following 
section, we describe each sub-algorithm. 

1) Leads homogeneity evaluation by unsupervised 

machine learning on a bulk of components 

 
The homogeneity of the solderability of the components 

within a bulk is assessed. We select multiple cropped images 
of leads (thousands) from all manufacturing year codes and 
merge them into one folder. A histogram is used to extract 
features from the images, and then k-mean clustering is used 
to divide the merged folder into two groups. The two groups 
will have a distinct color property. The two classes describe 
two groups of solder-leads apparent-age. One group with fresh 
leads and one with apparent-older leads. 

2) Leads individual classification to apparent-ages 

 
In this tier, we have built a CNN classification model to 

determine lead manufacturing year based on lead images. For 
that purpose, we evaluated VGG16, ResNet50, and 
MobileNet and selected a network based on ResNet16 [16] 
adjusting the receptive fields to the physical features in the 

leads. In the feature space, the intra-and inter-distance among 
clusters are calculated via cosine distance. We calculate a 
distance matrix D with Dij being equal to the average 
distances of all members in cluster i to the center of cluster j. 
After the model is trained, it is first validated by k-fold cross-
validation and then re-validate against another validation 
image set to determine how well it performs. Both one-hot 
encoding and continuous encoding were evaluated. 

3) Leads individual classification to solderable / not-

solderable 

 
A regression model is built to estimate the age of each lead 

from its image. When the classification model in section 2 was 
trained, it is used to sort the images based on the estimated 
ages rather than the manufactured ages. Two groups are 
formed: one with lower estimated ages which corresponds to 
the good solderability items and one with higher estimated 
ages, which corresponds to the poor solderability items. The 
Principal Component Analysis (PCA) reduced the order to 2. 
The 2 groups divide the batch of components into two classes 
correlated to good and poor solderability. 

A regression model is trained to estimate the age of the 
leads and then the estimated age is used to evaluate the quality 
of the lead. This is quite similar to the human age estimation 
problem: when a model predicts that one person’s age is 
lower/higher than his actual age, it means he looks 
younger/older than other people of the same (physical) ages as 
him. 

IV. EXPERIMENTAL 

Two sets of data were used. In the first set components, 
1206 package resistors were made by Yaego inc. with the age 
of 1 and 11 years was tested (see TABLE 1). The 10 years 
difference correspond to a difference in solderability quality 
because conventional leads are not to be used after 2-3 years 
of standard storage. The second group was a 0805 package 
resistor made by Yaego inc. with ages ranging from 2 to 8 
years old (see TABLE 2) using 7 different reels from different 
date-codes. A date code is a four-digit code where the first two 
digits are the manufacturing year, and the second two are the  

TABLE 1. RESISTOR 1206 PACKAGE EXAMPLE IMAGES OF 11 AND 1-YEAR-
OLD COMPONENTS. 

Age 

(years) 
Component 

Lead-

A 
Lead-B 

1 

 
  

11 
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TABLE 2. YAEGO 0805 PACKAGE RESISTORS DATA.  

Part number Date 
code 

Amount of 
leads 

Example 

RC0805FR-07511KL 1236 5080  

RC0805FR-078K45L 1517 1250 
 

RC0805FR-07100KL 1530 2450  

RC0805FR-07100KL 1530 7000  

RC0805FR-0776R8L 1545 2600  

RC0805FR-0710K5L 1640 900  

RC0805FR-
0727R4L- 

1743 5350 
 

 

week number. The reels were measured through the cover tape 
using the setup described in the Method section. The leads 
were cropped out of the component images. This procedure is 
valid for a specific manufacturer because the materials and 
process of the lead tinning may be different at manufacturers. 
Hence, a different model is required for each type of 
component and each manufacturer. Another method to 
evaluate the solderability may be by an acceleration of the 
solder-leads deterioration using temperature and humidity 
cycling and verifying their solderability state by sample 
physical lab testing [13], [17].   

V. RESULTS 

The results of each tier of the solderability assessment sub-
algorithms are presented in this section. 

1) Leads homogeneity results 

 
We use the validation image set from the trained model 

and apply the unsupervised k-means clustering (with k=2) to 
separate the set into 2 groups. The PCA-features plot of 2 
groups of the 1 and 11-year-old components after separation 
is presented in Fig.  4. Interclass separability and spread to 
compare the binary classification results were performed. The 
separation is based on the intra-group distance and cross-
group distance. The intra-group distance is calculated as the 
average distance from each feature point in one group to the 
group center. The cross-group distance is calculated as the 
average distance from each feature point in one group to the 
center of the other groups. 

A layer of the network that represents a good split of the 
data is selected for that purpose. We use the last layer before 
the final classification in the network. A mean for each feature 
map of each image on the folder is calculated and 
concatenated to all the feature maps. The center of all the items 
in the folder is calculated and the cosine distance from the 
center of each one of the samples is then extracted. Using PCA 
on the selected layer provides the population 2D map.  

The unsupervised method performs quite well and gives 
nearly the same result as the trained model method. However, 
this is quite a simple case, as the year difference is large (0 
years) and images from 2 years are very different from each 
other. The case of the 2 to 8 years-old components 
unsupervised separation is presented in Fig.  5. 

 

Fig.  4. A Principal Component Analysis (PCA) features a graph of a mixed 

lot of 1 and 11-year-old 1206 resistor leads. The mixed lot was clustered 

using unsupervised k-means machine learning into two groups. The red 
group clustered on the left side is of a 1-year-old component suggesting 

good-solderability and the blue group clustered on the right side is of 11-

years-old components suggesting poor-solderability. 

As expected, the separation presented in Fig.  5 to two 
groups is not distinctive as in this age group the solderability 
of the components is expected to be not uniform as some leads 
have good solderability features, some have poor solderability 
and some are intermediate. This is expected that 2-8-year-old 
components may have some apparently fresh components and 
some apparently old components. This exemplifies the futility 
of sample testing for solderability. 

2) Leads age classification results 

 
An example of a lead features map is presented in Fig.  6. 

The features map of a component lead is highlighting the 
dominant features that are responsible for the classification. 
The red features fit the designed receptive field and 
correspond to surface waviness in the leads. The size and 
shape of the dominant features correspond to the surface 
morphology changes during aging as illustrated in Fig. 2. 

The apparent-age classification results of the “test” groups 
are presented in Fig. 7 and in Table 3. As seen, the apparent-
age is not a discrete function. It is distributed across a range of 
ages. As can be expected, the distribution of the new 
components is tighter than the older ones. In this example, a 3 
years old reel contains 2.37% of components that have an  

 

Fig.  5. Principal Component Analysis (PCA) features a graph of a mixed lot 

of 2-8-year-old 0805 resistor leads. The mixed lot was clustered using 

unsupervised k-means machine learning into two groups. As seen the 
clustering to two groups is not distinctive. This is expected that 2-8-year-old 

components may have some apparently fresh components and some 

apparently old components.  

Authorized licensed use limited to: Raytheon Technologies. Downloaded on June 26,2021 at 10:18:02 UTC from IEEE Xplore.  Restrictions apply. 



 

Fig.  6. A reshaped to square feature color map of a component lead 

highlighting the dominant features in the lead that are responsible for the 
solderability classification. The highlighted features fit the designed 

receptive field and correspond to surface waviness in the leads.  

apparent-age of 5 years and a 5 years old reel contains 1.37% 
that have an apparent-age of 8 years. 

The output demonstrates a normal distribution of the 
apparent-age of the soldering leads (Fig. 7). A reel that was 
manufactured on a specific batch appears to comprise a variety 
of apparent-ages.   

 

  

  

Fig.  7. Distribution histogram of the apparent-age of solder-leads of 0805 

resistors of 4 different ages. Measured in 2020. The 2017 item components 
present a one-tailed normal distribution, 2012 and 2015-2016 have a double-

tailed normal distribution. 

 

 TABLE 3. THE “APPARENT AGE” CLASSIFICATION RESULTS. AVERAGE 

POSITIVE ACCURACY: 4944/5297 (93.34%).  

  
Detected As 

2012 (%) 

Detected 

As 2015 

(%) 

Detected 

As 2016 

(%) 

Detected 

As 2017 

(%) 

Year 

2012 
83.27 5.28 11.32 0.13 

Year 

2015 
1.84 95.82 0.59 1.76 

Year 

2016 
1.37 7.51 90.10 1.02 

Year 

2017 
0.00 2.37 2.64 94.99 

 

Fig.  8. PCA plot of the 2 groups divided by estimated age based on the age 

classification network. Group 1 represents good solderability leads and 

group 2 represents the poor solderability group. 

1) Leads solderability condition assessment 

 
The regression model is used to separate the leads into two 

solderability groups. The PCA of the 2 groups divide the bulk 
components into two classes correlated to good and poor 
solderability is presented in Fig.  8.  

The prediction application runs at a speed of ~7 ms for 
each component on an Nvidia GeForce RTX2060 GPU, which 
is fast enough to allow in-line mass classification.  

 

VI. CONCLUSION 

A non-destructive mass volume method for assessing the 
solderability of electronic leads based on deep visual 
inspection (DVI) is presented. The method allows real-time 
assessing of all assembled components. It may be deployed 
during the SMT mounting process and by a reel-to-reel 
incoming inspection.  

The solderability is correlated to surface reflectance and 
degradation in solderability caused by corrosion and 
intermetallic reactions in the surface of the leads. This may be 
illustrated as the reflection of a smooth mirror compared to an 
age-dulled mirror. 

 The inspected components' solderability is obtained by a 
multi-tier classification network that is looking into micro-
features in the component’s images. The network classifies 
leads to good and poor solderability based on their apparent-
age. The models were trained by multiple images of the same 
type of different manufacturing ages and therefore of different 
solderability conditions. 

The experimental results show components from the same 
package may have non-uniform solderability. The apparent-
age is not a discrete function as itis distributed across a range 
of ages. Nevertheless, while most of the solder-leads age 
matches their apparent-age, some of them had apparent-older 
age. This phenomenon may result in lower soldering quality 
and poor reliability. 

The results presented allow continuous real-time 100% 
component screening with classification accuracy exceeding 
97%, and processing time of ~7 ms per component, allowing 
real-time verification during components assembly. This 
method paves the way for a radical improvement in 
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manufacturing quality and repeatability with no added 
hardware and processing time. 
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