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(57) ABSTRACT 

According to an example, a digital image may be processed 
by an ensemble ofconvolutional neural networks (CNNs) to 
classify objects in the digital image. For each CNN, a candi­
date architecture and candidate parameters may be selected to 
build a plurality of CNN s. Once it is determined that a pre­
determined numberof CNN s, each having different values for 
the selected candidate parameters, meet a validation thresh­
old, an ensemble ofCNNs may be generated from the prede­
termined number of CNNs. The predictions from the 
ensemble of CNNs may then be aggregated to accurately 
classify the objects in the digital image. 
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DIGITAL IMAGE PROCESSING USING 
CONVOLUTIONAL NEURAL NETWORKS 

BACKGROUND 

[0001] Digital image processing typically involves pro­
cessing a digital image, for example, from a digital still image 
or digital video, to ascertain, detect, and/or classify particular 
features or objects in the image. Pattern recognition may be 
applied during the image processing to detect a particular 
object in the image. Digital image processing with pattern 
recognition has been used in a wide variety of applications, 
such as facial recognition, detection of land features from 
aerial photographs, vehicle license plate determination, etc. 
Different types of conventional machine learning functions 
may be used for pattern recognition, however, many conven­
tional machine learning functions are not adapted or may be 
difficult to adapt for pattern recognition in digital image pro­
cessing. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0002] Features of the present disclosure are illustrated by 
way of example and not limited in the following figure(s ), in 
which like numerals indicate like elements, in which: 
[0003] FIG.1 shows a system diagram of an image process­
ing system, according to an example of the present disclosure; 
[0004] FIG. 2 shows classification categories that indicate 
the extent of damage to property, according to an example of 
the present disclosure; 
[0005] FIG. 3 shows a data store of an image processing 
server, according to an example of the present disclosure; 
[0006] FIG. 4 shows a block diagram ofa computing device 
for classifying objects in a digital image using convolutional 
neural networks (CNNs), according to an example of the 
present disclosure; 
[0007] FIG. 5 shows a flow chart diagram of a method to 
classify objects in a digital image using CNNs, according to 
an example of the present disclosure; and 
[0008] FIG. 6 shows a flow chart diagram of an optimized 
CNN, according to an example of the present disclosure. 

DETAILED DESCRIPTION 

[0009] For simplicity and illustrative purposes, the present 
disclosure is described by referring mainly to an example 
thereof. In the following description, numerous specific 
details are set forth in order to provide a thorough understand­
ing of the present disclosure. It will be readily apparent how­
ever, that the present disclosure may be practiced without 
limitation to these specific details. In other instances, some 
methods and structures have not been described in detail so as 
not to unnecessarily obscure the present disclosure. As used 
herein, the terms "a" and "an" are intended to denote at least 
one of a particular element, the term "includes" means 
includes but not limited to, the term "including" means 
including but not limited to, and the term "based on" means 
based at least in part on. 
[0010] An image processing system, according to an 
example, builds and trains an ensemble of deep learning 
models, such as convolutional neural networks (CNNs), to 
accurately and automatically perform image processing to 
detect particular attributes of objects in a digital image, and to 
classify the objects according to the detected attributes. 
CNN s, however, include many functional components, which 
make it difficult to determine the necessary network architec-
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ture that performs accurately to detect and classify particular 
features of images relevant for a problem in hand. Further­
more, each component of the CNN typically has a multitude 
of parameters associated with it. The specific values of those 
parameters necessary for a successful and accurate image 
classification are not known a priori without any application 
of a robust image processing system. The image processing 
system, therefore, provides a method for building and fine 
tuning CNN s proven to output an accurate classification of an 
image. Through an iterative process, a candidate architecture 
and candidate parameters for CNN may be selected to build, 
train, and optimize a CNN. For example, the iterative process 
may include selecting the candidate architecture from a plu­
rality of candidate architectures and validating a set of can­
didate parameters for the selected candidate architecture. The 
candidate architecture may include a number of convolution 
layers and subsampling layers and a classifier type. The can­
didate parameters may include a learning rate, a batch size, a 
maximum number of training epochs, an input image size, a 
number of feature maps at every layer of the CNN, a convo­
lutional filter size, a sub-sampling pool size, a number of 
hidden layers, a number of units in each hidden layer, a 
selected classifier algorithm, and a number of output classes. 
In addition, a pre-processing protocol may also be selected to 
enhance particular content in the images for the selected 
candidate architecture and selected candidate parameters. 

[0011] The iterative process may include building an inter­
mediate CNN using the training set and evaluating the per­
formance of the intermediate CNN on a validation set. The 
evaluation, for instance, determines whether the intermediate 
CNN meets a validation threshold such as less than a 20% 
error rate. The iterative process is repeated until a predeter­
mined number of intermediate CNNs (e.g., 25) meet the 
validation threshold. According to an example, each interme­
diate CNN has different values for the selected candidate 
parameters. An ensemble of the most accurate intermediate 
CNNs is then generated from the predetermined number of 
intermediate CNNs. The ensemble for example may be the 
top 5 most accurate intermediate CNNs. The next step may 
include selecting an ensemble algorithm to aggregate and/or 
combine the predictions of each intermediate CNN in the 
ensemble to form an ensemble prediction. The prediction of 
each intermediate CNN in the ensemble may then be used to 
classify an image or an object in the image. 

[0012] The technical benefits and advantages of the dis­
closed examples include providing an advanced deep learn­
ing architecture that exhibits superior classification accuracy 
to assess property damage and an iterative image processing 
system that determines that advanced deep learning architec­
ture. A CNN generated by the image processing system 
through an iterative process is easier to train than other regu­
lar, feed-forward neural networks and has fewer parameters 
to estimate, making it a more efficient architecture to use to 
assess property damage. 

[0013] According to an example, a CNN generated by the 
image processing system may be used for classifying the 
extent of damage to a property that is captured in a digital 
image. Damage may refer to any kind of injury or harm that 
impairs the appearance of the property. An image or digital 
image may include both a still image and a moving image 
( e.g., video). The property may be any tangible object includ­
ing, but not limited to, a house, furniture, clothing, vehicle 
equipment, land, computing device, toy, etc. In an example 
where an insured customer has accidental damage to tangible 
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property, the insured customer may document the damage to 
the damaged property by taking digital photographs with a 
smart phone and/or camera. The digital images of the dam­
aged property may then be fed into the image processing 
system. The image processing system may automatically 
classify the damaged property based on amount of damage 
determined from the image processing of the received digital 
images. In this example, the image processing system pro­
vides a machine vision method and apparatus to automati­
cally detect the extent of damage to the property as captured 
in digital images. 
[0014] According to an example, the image processing sys­
tem generates an ensemble model ( e.g., including multiple 
optimized CNNs) to classify an image or an object in the 
image with improved accuracy. In an example, the image 
processing system which used the ensemble model yielded an 
accuracy of nearly 90% on the images in the validation set. 
[0015] As discussed above, according to an example, the 
image processing system may be used for classifying the 
extent of damage to property captured in an image. However, 
the image processing system may be used for substantially 
any application to classify features in a digital image into 
predefined categories. 
[0016] With reference to FIG. 1, there is shown a system 
diagram of an image processing system 100, according to an 
example of the present disclosure. It should be understood 
that the system 100 may include additional components and 
that one or more of the components described herein may be 
removed and/or modified without departing from a scope of 
the system 100. The system 100 may include at least one 
image capture device 110, a communications network 120, an 
image processing server 130, and a data store 140. 
[0017] The image capture device 110 may communicate 
with the image processing server 130 via the communications 
network 120. The image capture device 110 may be any 
computing device that includes a camera such as, but not 
limited to, a smartphone, a computing tablet, a laptop com­
puter, a desktop computer, or any wearable computing device. 
According to an example, the image capture device 110 may 
capture an image of a tangible property 150 and send the 
image of the tangible property 150 to the image processing 
server 130 to automatically classify the extent of damage to 
the tangible property 150. 
[0018] The communications network 120 may include 
local area networks (LAN s) and wide area networks (WAN s ), 
such as the Internet. The communications network 120 may 
include signal bearing mediums that may be controlled by 
software, applications and/or logic. The communications net­
work 120 may include a combination of network elements to 
support data communication services. For example, the com­
munications network 120 may connect the image capture 
device 110 to the image processing server 130 through the use 
of a physical connection such as copper cable, coaxial cable, 
and fiber cable, or through wireless technology such as radio, 
microwave, or satellite. 
[0019] The image processing server 130, for example, may 
receive digital images from a training set at an image pre­
processor 105. The image pre-processor may crop and 
enhance particular content in the images from the training set 
to input into the intermediate CNN builder 115. The interme­
diate CNN builder 115 may select various architectures and 
parameters to train an intermediate CNN 125. The interme­
diate CNN 125 may be then be evaluated on a validation set 
that is generated by the validation circuit 135. The validation 
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circuit 135 may determine whether to flag the intermediate 
CNN 125 as meeting a designated validation threshold. If the 
intermediate CNN 125 does not meet the validation thresh­
old, the intermediate CNN is not flagged and continues to be 
trained on the digital images from the training set by the 
intermediate CNN builder 115. However, if the intermediate 
CNN 125 does meet the validation threshold, the intermediate 
CNN 125 is now a flagged intermediate CNN 145.As a result, 
the flagged intermediate CNN 145 is eligible to be selected as 
part of an ensemble of optimized CNN s that is generated by 
the ensemble generator 155. The ensemble generator 155, for 
example, may create an ensemble 165 of optimized CNNs. 
The predictions aggregated from the ensemble 165 may be 
used to accurately classify objects 175 from an inputted digi­
tal image. The processing functions of the image processing 
server 130 are further detailed below in FIGS. 4, 5, and 6. 
[0020] According to an example, the image processing 
server 130 may receive an image of the tangible property 150 
and automatically classify an extent of damage to the tangible 
property 150 using CNNs to recognize and classify the dam­
age in the image of the tangible property 150. According to an 
example, the image processing server 130 may classify the 
extent of damage to the tangible property 150 into various 
predetermined classification categories 200 such as, but not 
limited to, undamaged, damaged, and severely damaged or 
totaled as illustrated in FIG. 2. 
[0021] The image processing server 130 may be coupled to 
the data store 140, as further detailed below in FIG. 4. As 
illustrated in FIG. 3, the data store 140 may store data which 
is relied upon to classify the extent of damage to the tangible 
property 150 by the image processing server 130. For 
example, the data store 140 may store training sets and vali­
dation sets that comprise digital images of property 310, 
damaged property 320, and property that is a total loss 330. 
These digital images are relied upon by the image processing 
server 130 to build a model that accurately assesses and 
classifies the extent of damage to the tangible property 150. 
[0022] With reference to FIG. 4, there is shown a block 
diagram of a computing device 400 for image processing 
using convolutional neural networks (CNNs) according to an 
example of the present disclosure. According to an example, 
the computing device 400 is the image processing server 130. 
It should be understood that the computing device 400 may 
include additional components and that one or more of the 
components described herein may be removed and/or modi­
fied without departing from a scope of the computing device 
400. 
[0023] The computing device 400 is depicted as including a 
processor 402, a data store 140, an input/output (I/0) inter­
face 406, and an image processing platform 410. The com­
ponents of the computing device 400 are shown on a single 
computer or server as an example and in other examples the 
components may exist on multiple computers or servers. The 
computing device 400 may store data in the data store 140 
and/or may manage the storage of data stored in a separate 
computing device, for instance, through the I/0 interface 406. 
The data store 140 may include physical memory such as a 
hard drive, an optical drive, a flash drive, an array of drives, or 
any combinations thereof, and may include volatile and/or 
non-volatile data storage. 
[0024] The image processing platform 410 is depicted as 
including a training circuit 412, a model builder 414, a vali­
dation circuit 416, and a classifier 418. The processor 402, 
which may comprise a microprocessor, a micro-controller, an 
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application specific integrated circuit (ASIC), Graphical Pro­
cessing Unit (GPU) or the like, is to perform various process­
ing functions in the computing device 400. The processing 
functions may include the functions of the training circuit 
412, the model builder 414, the validation circuit 416, and the 
classifier 418 of the image processing platform 410. 

[0025] The training circuit 412, for example, may create a 
training set from images of damaged property or objects. This 
training set may be used by the model builder 414 to build a 
CNN model. The model builder 414, for example, may build 
a CNN model on the training set according to a selected 
candidate architecture and candidate parameters for the CNN 
model. The validation circuit 416, for example, may evaluate 
performance of the CNN model built by the model builder 
414 on a validation set and determine whether the CNN 
model meets a validation threshold. The classifier 418, for 
example, may classify an extent of damage for an object in 
each image in the validation set. The classifier may also 
aggregate predictions from an ensemble of optimized CNN 
models to more accurately assess the damaged objects in the 
digital images. 

[0026] In an example, the image processing platform 410 
includes machine readable instructions stored on a non-tran­
sitory computer readable medium 413 and executed by the 
processor 402. Examples of the non-transitory computer 
readable medium include dynamic random access memory 
(DRAM), electrically erasable programmable read-only 
memory (EEPROM), magnetoresistive random access 
memory (MRAM), memristor, flash memory, hard drive, and 
the like. The computer readable medium 413 may be included 
in the data store 140 or may be a separate storage device. In 
another example, the image processing platform 410 includes 
a hardware device, such as a circuit or multiple circuits 
arranged on a board. In this example, the training circuit 412, 
the model builder 414, the validation circuit 416, and the 
classifier 418 comprise circuit components or individual cir­
cuits, such as an embedded system, an ASIC, or a field­
programmable gate array (FPGA). 

[0027] The processor 402 may be coupled to the data store 
140 and the I/O interface 406 by a bus 405 where the bus 405 
may be a communication system that transfers data between 
various components of the computing device 400. In 
examples, the bus 405 may be a Peripheral Component Inter­
connect (PCI), Industry Standard Architecture (ISA), PCI­
Express, HyperTransport®, NuBus, a proprietary bus, and 
the like. 

[0028] The I/O interface 406 includes a hardware and/or a 
software interface. The I/O interface 406 may be a network 
interface connected to a network through a network device, 
over which the image processing platform 410 may receive 
and communicate information, for instance, information 
regarding an extent of damage to a property. For example, the 
input/output interface 406 may be a wireless local area net­
work (WLAN) or a network interface controller (NIC). The 
WLAN may link the computing device 400 to the network 
device through a radio signal. Similarly, the NIC may link the 
computing device 400 to a network device through a physical 
connection, such as a cable. The computing device 400 may 
also link to a network device through a wireless wide area 
network (WWAN), which uses a mobile data signal to com­
municate with mobile phone towers. The processor 402 may 
store information received through the input/output interface 
406 in the data store 140 and may use the information in 
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implementing the training circuit 412, the model builder 414, 
the validation circuit 416, and the classifier 418 of the image 
processing platform 410. 
[0029] The methods disclosed below in FIGS. 5 and 6 
describe examples of methods for digital image processing 
using CNNs, for example, to classify an extent of damage to 
property captured in an image. It should be apparent to those 
of ordinary skill in the art that the methods represent gener­
alized illustrations and that other sequences may be added or 
existing sequences may be removed, modified or rearranged 
without departing from the scopes of the methods. 
[0030] FIG. 5 shows a flow chart diagram of a method 500 
of digital image processing using CNNs, according to an 
example of the present disclosure. A CNN may be utilized to 
advance the performance of a classification of objects in an 
image. Accordingly, the method 500 illustrated in FIG. 5 
provides a method for training and building CNN s to output 
an accurate classification of objects in an image. For example, 
the processor 402 of the image processing server 130 may 
implement the image processing platform 410 to accurately 
assess property damage in images. 
[0031] In block 505, the training circuit 412, for instance, 
may create a training set from images of damaged property or 
objects. According to an example, the training set data may 
comprise images of new (undamaged) objects, damaged 
objects, and totaled objects. This training set may be pro­
cessed by the model builder 414 to discover predictive rela­
tionships and tune a model such as a CNN. 
[0032] After the training set has been created, the method 
500 may iteratively select candidate architectures and candi­
date parameters to optimize the CNN's ability to, for 
example, accurately classify an extent of damage for an object 
in an image. The iterative process may include blocks 510-
545 of method 500. 
[0033] In block 510, the model builder 414, for instance, 
may select a candidate architecture from a plurality of candi­
date architectures. According to an example, the plurality of 
candidate architectures may include different combinations 
of a number of convolution layers and sub sampling layers and 
a classifier type. The classifier type may include a multilayer 
perceptron (MLP), a support vector machine (SVM), and the 
like. 
[0034] In block 515, the model builder 414, for instance, 
may select candidate parameters for the selected candidate 
architecture. According to an example, the candidate param­
eters may include a learning rate, a batch size, a maximum 
number of training epochs, a convolutional filter size, a num­
ber of feature maps at every layer of the CNN, a sub-sampling 
pool size, an input image size, a number of hidden layers, a 
number of units in each hidden layer, a selected classifier 
algorithm, and a number of output classes. 
[0035] Examples oflearning parameters include the learn­
ing rate, the batch size, and the maximum number of training 
epochs. The learning rate parameter is a rate at which the 
CNN learns optimal filter coefficients from the training set. 
Ideally, the learning rate is not too high (where the CNN 
overlearns and is less generalizable) or too low. According to 
an example, the range for the learning rate parameter 
includes, but is not limited to, 0.05 to 0.10. The batch size 
parameter is the number of images processed together (as 
opposed to using images one-at-a-time) when computing an 
estimate of a gradient descent in a minimization. Bunching a 
number of images in a batch during training speeds up the 
computing by using three-dimensional (3 D) matrix represen-
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tation (batch sizexheightxwidth) instead of a two-dimen­
sional (2D) matrix representation of an image (heightx 
width). According to an example, the range for the batch size 
parameter includes, but is not limited to, 2 to 128 images for 
each batch. The maximum number of training epochs param­
eter is the maximum number of times that the entire training 
set is re-used in updating minimization parameters. The num­
ber of training images divided by batch size is the total num­
ber of iterations in one epoch. According to an example, a 
range for the maximum number of training epochs parameter 
is between 100 and 200. 

[0036] Examples of convolution and sub-sampling param­
eters include the convolutional filter size, the number of fea­
ture maps at each layer of the CNN, and the sub-sampling 
pool size. The convolutional filter size parameter is the size of 
the filters in a convolution layer. According to an example, the 
range for the convolutional filter size parameter is between 
2x2 pixels and 114xl 14 pixels. The number of feature maps 
parameter is the number of feature maps output from the 
number of filters or kernels in each convolution layer. Accord­
ing to an example, the range for the number of feature maps 
parameter is between 60 to 512 feature maps for a first con­
volutional layer. The sub-sampling pool size parameter is the 
size of a square patch of pixels in the image down-sampled 
into, and replaced by, one pixel after the operation via maxi­
mum pooling, which sets the value of the resulting pixel as the 
maximum value of the pixels in the initial square patch of 
pixels. According to an example, the range of values for the 
sub-sampling pool size parameter includes, but is not limited 
to, a range between 2x2 to 4x4. The parameters of the net­
work of the convolutional layers are selected to reduce the 
input image size into 1 xl pixel value on the output of the final 
convolutional layer according to an example. 

[0037] Examples of classifier parameters include the image 
input size, the number of hidden layers, the number of units in 
each layer, the selected classifier algorithm, and the number 
of output classes. The image input size is the dimension of the 
space where the data from the final convolution layer will be 
classified, and is therefore equal to the product of the number 
of feature maps and the image size of the last convolution 
layer. According to an example, the input image size is the 
number of feature maps on the last convolutional layer times 
1 xl. The hidden layers are fully connected MLP layers, and 
the number of hidden layers includes 2 according to an 
example. The number of hidden layers should be limited to 
three hidden layers at most. The number of units in each 
hidden layer is the number of units in a hidden layer that uses 
the information learned in the convolution and subsampling 
layers to detect the extent of damage. According to an 
example, the range for the number units in each hidden layer 
parameter includes, but is not limited to between 6 and 1024 
units. The selected classifier algorithm may include, but is not 
limited to, multilayer perceptron (MLP), a support vector 
machine (SVM), and the like. The number of output classes is 
the number of classes the input images are classified into. 
According to an example, the number of output classes may 
include, but is not limited to, 3. 

[0038] The model builder 414, for instance, may then select 
a pre-processing protocol to enhance the information content 
in the images of the damaged objects for the selected candi­
date architecture and selected candidate parameters as shown 
in block 520. The pre-processing protocol may include, but is 
not limited to, local contrast normalization or Zero-phase 
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Component Analysis (ZCA) scaling, and independent com­
ponent analysis (ICA) for whitening. 

[0039] In block 525, the model builder 414, for instance, 
may train and build an intermediate CNN using the training 
set. After the intermediate CNN is trained and built, the vali­
dation circuit 416, for instance, may evaluate the performance 
of the intermediate CNN on a validation set as shown in block 
530. According to an example, the validation set comprises a 
set of images of new (undamaged) objects, damaged objects, 
and totaled objects that are separate and distinct from the set 
of images from the training set. In this regard, the validation 
set is used to assess the accuracy of the intermediate CNN 
with respect to classifying the extent of damage in each of the 
images of the validation set. 

[0040] In block 535, the validation circuit 416, for instance, 
may determine whether the intermediate CNN meets a vali­
dation threshold. The validation threshold may be a validation 
error rate. According to this example, the intermediate CNN 
may meet or satisfy the validation threshold if its validation 
error rate is less than 20% with respect to classification pre­
dictions. If the intermediate CNN does not meet the valida­
tion threshold then the iterative process begins again at block 
510. 

[0041] On the other hand, if the intermediate CNN meets 
the validation threshold, then validation circuit 416 may flag 
the intermediate CNN to indicate that it has met the validation 
threshold as shown in block 540. In block 545, the validation 
circuit 416 may determine whether a predetermined number 
of intermediate CNN shave been flagged as meeting the vali­
dation threshold. The predetermined number of flagged inter­
mediate CNNs for example may be 25 flagged intermediate 
CNNs. According to an example, each of the flagged inter­
mediate CNN s are built with different values for the selected 
candidate parameters. If the number of flagged intermediate 
CNNs has not reached the predetermined number (e.g., 25), 
then the iterative process begins again at block 510. 

[0042] Alternatively, if the number of flagged intermediate 
CNN s has reached the predetermined number ( e.g., 25), then 
the validation circuit 416 may create an ensemble of interme­
diate CNN s from the predetermined number of intermediate 
CNNs as shown in block 550. For example, the 5 most accu­
rate intermediate CNNs may be selected as an ensemble. 

[0043] In block 555, the classifier 418, for instance, may 
classify the extent of damage for the object in each image in 
the validation set. According to an example, the classifying 
includes aggregating predictions from the ensemble of 
flagged intermediate CNN s to achieve greater accuracy in the 
classification of the extent of damage for the object in each 
image in the validation set. For example, aggregating predic­
tions or taking a majority vote from the ensemble of flagged 
intermediate CNNs may result in an accuracy of approxi­
mately 90%, which is much above an individual CNN per­
formance results of approximately 80-85% 

[0044] FIG. 6 shows a flow chart diagram of an optimized 
convolutional neural network (CNN) 600, according to an 
example of the present disclosure. The CNN 600 is an opti­
mized CNN that was built according to the method 500 
described above. The architecture for this CNN 600 includes 
4 convolution and sub-sampling layers, 2 hidden layers, and a 
logistic regression classifier, such as a MLP. In this regard, for 
instance, this CNN 600 may classify the extent of damage to 
property that is captured in an image with an accuracy of 
approximately 88%. 
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[0045] As discussed above, an insured customer may sub­
mit an image of property in a claim to an insurance company. 
The insurance company may utilize this CNN 600 to auto­
matically classify the extent of damage to the property using 
the submitted image. For example, the submitted image may 
be input into the CNN 600. 
[0046] The submitted image of the damaged property may 
be pre-processed 610 to enhance the information content in 
the image for processing by the CNN 600. In this example, the 
submitted image is 480x640 pixels. For example, the pre­
processing 610 may crop the submitted image of the damaged 
property to 96x96 pixels and extract 3 RGB channel layers 
from the submitted image of the damaged property to present 
as an input image to the CNN 600. 
[0047] In the first convolutional layer (Cl) 620, the CNN 
600 may convolve the input image with 60 different first layer 
filters, each of size 5x5, to produce 60 feature maps of size 
92x92. Each filter application of a convolution layer reduces 
the resolution of the input image. If input image is of resolu­
tion NxN, convolution filter is of size MxM, then resulting 
image will be of resolution N-M + 1 xN-M + 1. The CNN 600 
may then perform a max-pooling on the feature maps, which 
is a form of non-linear sub-sampling. Max-pooling partitions 
the input image into a set of non-overlapping square patches, 
replacing each patch with a single pixel of value equal to the 
maximum value of all the pixels in the initial square patch. In 
an example, the CNN may perform a max-pooling over a 2x2 
region of the 60 feature maps on Cl 620. The resulting 60 
feature maps of size 46x46 in Cl 620 are then further con­
volved and max-pooled in the second convolutional layer 
(C2) 630. 
[0048] In C2 630, the resulting 60 feature maps of size 
46x46 from Cl 620 are convolved with second layer convo­
lutional filters, each of size 3x3, to produce 128 feature maps 
of size 44x44. A max-pooling may then be performed over a 
4x4 region of the 128 feature maps. The resulting 128 feature 
maps of size 1 lxl 1 in C2 630 are then further convolved and 
max-pooled in the third convolutional layer (C3) 640. 
[0049] In C3 640, the resulting 128 feature maps of size 
11 xl 1 from C2 630 are convolved with third layer convolu­
tional filters, each of size 4x4, to produce 128 feature maps of 
size 8x8. A max-pooling may then be performed over a 2x2 
region of the 128 feature maps. The resulting 128 feature 
maps of size 4x4 in C3 640 are then further convolved and 
max-pooled in the fourth convolutional layer (C4) 650. 
[0050] InC4 650, the resulting 128 feature maps of size4x4 
from C3 640 are convolved with fourth layer filters, each of 
size 3x3, to produce 256 feature maps of size 2x2. A max­
pooling may then be performed over a 2x2 region of the 256 
feature maps. The resulting 256 feature maps of size 1 xl in 
C4 650 are then input to the first hidden layer (Hl) 660 to 
initiate the classification process. 
[0051] To perform classification, CNN 600 applies fully­
connected neural-network layers behind the convolutional 
layers. In the first classification layer ofHl 660, for example, 
each of the 512 units takes in a value of every pixel from all 
256 feature maps resulting from C4 650, multiplies each 
value by a pre-determined weight, and de-linearizes the sum. 
In effect, the output of each of the 512 units, for example, 
represents a judgment about the originally submitted image 
of the damaged property e. The second hidden layer (H2) 670 
is added to derive more abstract conclusions about the sub­
mitted image of the damaged property from the output of each 
of the 100 units in the second classification layer ofH2 670. 
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As a result, the logistic regression classifier 680 of the CNN 
600 may then accurately classify the extent of damage of the 
property in the submitted image as either new, damaged, or 
totaled according to the output of the 3 units in the third 
classification layer. 
[0052] What has been described and illustrated herein are 
examples of the disclosure along with some variations. The 
terms, descriptions and figures used herein are set forth by 
way of illustration only and are not meant as limitations. 
Many variations are possible within the scope of the disclo­
sure, which is intended to be defined by the following 
claims-and their equivalents-in which all terms are meant 
in their broadest reasonable sense unless otherwise indicated. 

What is claimed is: 
1. A method of image processing comprising: 
creating a training set from images of damaged objects; 
selecting a candidate architecture and candidate param-

eters for a convolutional neural network (CNN) to clas­
sify the extent of damage for the object in the image 
through an iterative process, wherein the iterative pro­
cess comprises: 
selecting the candidate architecture from a plurality of 

candidate architectures; 
selecting the candidate parameters for the selected can­

didate architecture; 
selecting a pre-processing protocol to enhance the infor­

mation content in the images of the damaged objects 
for the selected candidate architecture and selected 
candidate parameters; 

building an intermediate CNN using the training set; 
evaluating performance of the intermediate CNN on a 

validation set; 
determining whether the intermediate CNN meets a 

validation threshold; and 
repeating the iterative process until a predetermined 

number of intermediate CNNs meet the validation 
threshold, wherein each intermediate CNN has differ­
ent values for the selected candidate parameters; 

creating an ensemble of intermediate CNN s from the pre­
determined number of intermediate CNNs; and 

classifying the extent of damage for the object in each 
image in the validation set, wherein the classifying 
includes aggregating predictions from the ensemble of 
intermediate CNNs. 

2. The method of claim 1, wherein the candidate architec­
ture includes a number of convolution layers and subsam­
pling layers and a classifier type. 

3. The method of claim 1, wherein the candidate param­
eters include learning parameters, wherein the learning 
parameters include at least one of a learning rate, a batch size, 
and maximum number of training epochs. 

4. The method of claim 3, wherein the learning rate is 
between 0.05 and 0.1, the batch size is between 2 and 128 
images, and the maximum number of training epochs is 
between 100 and 200. 

5. The method of claim 1, wherein the candidate param­
eters include convolution and sub-sampling parameters, 
wherein the convolution and sub-sampling parameters 
include at a convolutional filter size, a number of feature 
maps, and a sub-sampling pool size. 

6. The method of claim 5, wherein the convolutional filter 
size is between 2x2 pixels and 114x 114 pixels, the number of 
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feature maps in a first convolutional layer is between 60 and 
512, and the sub-sampling pool size is between 2x2 pixels and 
4x4 pixels. 

7. The method of claim 1, wherein the candidate param­
eters include classifier parameters, wherein the classifier 
parameters include an image input size, a number of hidden 
layers, a number of units in each hidden layer, a classifier 
algorithm, and an number of output classes. 

8. The method of claim 7, wherein the image input size is 
a number equal to a product of a number of feature maps and 
an image size of a last convolutional layer, the number of 
hidden layers is 2, the number of units in each hidden layer is 
between 6 and 1024 units, a classifier algorithm is a multi­
layer perceptron (MLP) algorithm, and the number of output 
classes is 3. 

9. The method of claim 1, wherein determining whether the 
intermediate CNN meets the validation threshold comprises 
determining whether the intermediate CNN has an error rate 
of less than 20% on the validation set. 

10. The method of claim 1, wherein the predetermined 
number of intermediate CNNs is 25. 

11. An image processing server comprising: 
a processor; 
a memory storing machine readable instructions that are to 

cause the processor to: 
create, by a training circuit, a training set from images of 

damaged objects; 
select a candidate architecture and candidate parameters 

for a convolutional neural network (CNN) to classify 
the extent of damage for the object in the image 
through an iterative process, wherein the iterative pro­
cess comprises: 
selecting, by a model builder, the candidate architec­

ture from a plurality of candidate architectures; 
selecting, by the model builder, the candidate param­

eters for the selected candidate architecture; 
building, by the model builder, an intermediate CNN 

using the training set; 
evaluating, by the validation circuit, performance of 

the intermediate CNN on a validation set, and 
repeating the iterative process until it is determined 

that a predetermined number of intermediate 
CNNs meet a validation threshold, wherein each 
intermediate CNN has different values for the 
selected candidate parameters; 

creating, by the validation circuit, an ensemble of inter­
mediate CNNs from the predetermined number of 
intermediate CNNs; and 

classify, by a classifier, the extent of damage for the 
object in each image in the validation set, wherein to 
classify is to aggregate predictions from the ensemble 
of intermediate CNNs. 

12. The image processing server of claim 11, wherein the 
machine readable instructions cause the processor to: 

select a candidate architecture including a number of con­
volution layers and subsampling layers and a classifier 
type. 

13. The image processing server of claim 11, wherein the 
machine readable instructions cause the processor to select: 

candidate parameters including a learning rate, a batch 
size, a maximum number of training epochs, a convolu­
tional filter size, a number of feature maps, a sub-sam­
pling pool size, an image input size, a number of hidden 
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layers, a number of units in each hidden layer, a classifier 
algorithm, and an number of output classes. 

14. The image processing server of claim 13, wherein the 
machine readable instructions cause the processor to: 

select the learning rate between 0.05 and 0.1, the batch size 
between 2 and 128 images, the maximum number of 
training epochs between 100 and 200, the convolutional 
filter size between 2x2 pixels and 114xl 14 pixels, the 
number of feature maps in a first convolutional layer 
between 60 and 512, the sub-sampling pool size between 
2x2 pixels and 4x4 pixels, the number of hidden layers 
at 2, the number of units in each hidden layer between 6 
and 1024 units, a classifier algorithm as a multilayer 
perceptron (MLP) algorithm, and the number of output 
classes as 3. 

15. The image processing server of claim 11, wherein to 
determine whether the intermediate CNN meets the valida­
tion threshold, the machine readable instructions cause the 
processor to determine whether the intermediate CNN has an 
error rate of less than 20% on the validation set. 

16. The image processing server of claim 11, wherein the 
predetermined number of intermediate CNN s is 25. 

17. A non-transitory computer readable medium to process 
digital images, including machine readable instructions 
executable by a processor to: 

select a candidate architecture and candidate parameters 
for a plurality of convolutional neural networks (CNN s) 
to classify the extent of damage for the object in the 
image; 

determine that a predetermined number of CNNs meet a 
validation threshold, wherein each CNN has different 
values for the selected candidate parameters; 

select an ensemble of CNN s from the predetermined num-
ber ofCNNs; 

aggregate predictions from the ensemble ofCNNs; and 
classify the extent of damage for the object in the image. 
18. The non-transitory computer readable medium of claim 

17, wherein to select a candidate architecture, the machine 
readable instructions are executable by the processor to: 

select a candidate architecture including a number of con­
volution layers and subsampling layers and a classifier 
type. 

19. The non-transitory computer readable medium of claim 
17, wherein to select candidate parameters, the machine read­
able instructions are executable by the processor to: 

select candidate parameters including a learning rate, a 
batch size, a maximum number of training epochs, a 
convolutional filter size, a number of feature maps, a 
sub-sampling pool size, an image input size, a number of 
hidden layers, a number of units in each hidden layer, a 
classifier algorithm, and an number of output classes. 

20. The non-transitory computer readable medium of claim 
19, wherein to select candidate parameters, the machine read­
able instructions are executable by the processor to: 

select the learning rate between 0.05 and 0.1, the batch size 
between 2 and 128 images, the maximum number of 
training epochs between 100 and 200, the convolutional 
filter size between 2x2 pixels and 114xl 14 pixels, the 
number of feature maps in a first convolutional layer 
between 60 and 512, the sub-sampling pool size between 
2x2 pixels and 4x4 pixels, the number of hidden layers 
at 2, the number of units in each hidden layer between 6 
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and 1024 units, a classifier algoritlnn as a multilayer 
perceptron (MLP) algoritlnn, and the number of output 
classes as 3. 

* * * * * 
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