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Abstract. Warehouse management has proven to be fundamental for improvements in the productivity and organization of
companies, bringing several benefits in controlling the flow of products and operations. As convolutional neural networks
(CNNs) are great tools of deep learning to operate classification tasks in computer vision, six models of architectures
were tested in a classification assignment through a red-green-blue (RGB) image dataset to classify equipment, allocated
in the warehouse of an electric utility. Thus, the present work aims to compare the performance of these models in the
asset identification process. The dataset consisted of 565 images was built in local, in an uncontrolled environment,
representing real challenges that occur in many warehouses. SqueezeNet obtained the best results, reaching an accuracy
0f 97.5% and a F1 score of 97.4% in the test set. This comparison can be used in order to guide future works on automated
and intelligent inventory management solutions on the electric maintenance field.
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1. INTRODUCTION

Researches conducted on literature shows that in the last decades there were several studies on the theory of inventory
management improvements and new technologies that could be applied in warehouse management systems (Yang et al.,
2021). The warehouse management performs a vital role in industrial productivity, operational status, level of readiness
and customer service (Al-Momani et al., 2020; Tejesh and Neeraja, 2018), controlling the flow of products, time and
operational cost. Moreover, in the last decade, Artificial Intelligence (AI) played an important function in the supply
chain management field, with customer demand predictions, order fulfillment, and picking. However, it is reported a lack
of study on the warehouse receiving stage (Yang et al., 2021).

A case study with 500 enterprises shows that Al helped in manufacturing, automating planning, and inventory, elim-
inating inaccurate and time-consuming processes and improving real-time visibility of assets (Wamba-Taguimdje et al.,
2020). A research points that the profits from Al have the potential to increase profitability by 38%, boosting US$14 tril-
lion across 16 industries by 2035 (Purdy, M. and Daugherty, P., 2017). Furthermore, a global contribution of US$6 trillion
from increasing productivity and US$9 trillion from consumption-side effects could be reached by 2030 (PwC, 2017).
However, a digital transformation is not enough to reach intelligent solutions. Data needs to be transformed into knowl-
edge in order to achieve the benefits. Advanced analytics and intelligent algorithms combined with human intelligence
are key to a positive impact for the organization (Lichtenthaler, 2020).

Thus, this transformation of data into information for guided decision-making can take place in several ways. In the
case of inventory management, images of item layout can be used to recognize objects and control the organization of the
warehouse. For this activity, an image classifier is used, extracting features from the images through different mathemati-
cal techniques and classifying the objects. There are several image classification techniques such as Convolutional Neural
Network (CNN) and their different architectures variations, besides those other methods such as Support Vector Machine
(SVM), K-Nearest Neighbor (K-NN), Random Forest Algorithm and Particle Swarm Optimization (PSO), as shown in
Sanghvi et al. (2020); Preet Kour and Arora (2020); Zhang et al. (2020).

CNNs (LeCun et al., 1995) have been used in computer vision applications, such as classification of images, video
processing, natural language processing, and segmentation. They are a specific type of neural network and have a powerful
capacity for learning. CNNs use multiples feature detectors that automatically learn data representation (Khan et al.,
2020). Residual Neural Networks (Resnets) have been used in warehouses for tasks like electronic parts classification
(Patel and Chowdhury, 2020) and improving localization with the help of a camera, sensors, and liDAR (Relyea et al.,
2020). A Deep Convolutional Neural Network (DNN) architecture called AlexNet is a base foundation for an application
in a logistics sorting warehouse application (Chen and Dong, 2021). In the electrical maintenance field, the CNN from
Visual Geometry Group of Oxford (VGG) is combined among different methods in the detection of electric towers in
complex environments (Tian et al., 2020). An architecture called SqueezeNet was modified and used for the task of
product recognition in e-commerce recommendation scenes, improving accuracy in image classification (Fan et al., 2020).
A proposed method using reusable feature maps was applied in a Densely Connected Convolutional Network (DenseNet)
in order to attack the task of remote sensing scene classification, improving state-of-the-art performance (Zhang et al.,
2019).

In consequence, a Brazilian electrical company wants to automate the process of inventory control and material flow.
The company is seeking Al technologies applied with computer vision and automation in order to improve warehouse
management. This present work focuses on the comparison of some CNNs applied in a real environment of an electric
utility warehouse. The applied models are Resnet, AlexNet, VGG, SqueezeNet, DenseNet, and Inception. The CNNs
have the role to classify electric parts allocated in the warehouse through a red-green-blue (RGB) image dataset. The
dataset was built-in local, in an uncontrolled environment, and represents a challenge that occurs in real applications.

The remainder of this article is structured as follows. Section 2 approaches the problem description, explaining the
procedures to capture the images and dataset composition. Section 3 presents the related works developed in the area.
Then, Section 4 deals with the deep learning models used in the research to meet the requirements of the project. In
Section 5 the results are presented and discussed. Finally, Section 6 brings the conclusion and future works.

2. PROBLEM DESCRIPTION

The electrical utility warehouse where the dataset was built is an 11,000 square meters building, with more than 3,000
types of objects related to electrical power systems maintenance, distributed in shelves across the entire facility. The
company is facing management issues that need to be addressed such as miscounting, high time-consuming processes,
and costs of inventory control by manual checking and material flow. It is intended to mitigate these issues by applying
new technology and improve the process in inventory management. One of the ways to attack these problems is an
automated inventory check, based on artificial intelligence, computer vision, and automation. It is proposed to build a
tool that classifies the products inside the warehouse using techniques of deep learning. The tool recognizes the objects
displayed on the shelves through RGB images captured by an automated guided vehicle (AGV).

The warehouse presents a challenge for the computer vision and machine learning application, due to the fact that
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it is an uncontrolled environment. There are no sufficient rules applied to the displacement of materials. Consequently,
the tool needs to be robust enough to overcome this issue. Moreover, the lighting is also a concern since there are some
locations with the absence of light. Thus, a dataset was built in this environment, which represents a real challenge that
occurs in many similar places of inventory storage. The dataset consists of RGB images of two different classes of objects:
utility pole insulators and brace bands. Figure 1 shows some examples of the images that are captured where (a) are the
pole insulators and (b) brace bands.

Figure 1. Dataset images examples: (a) pole insulators and (b) brace bands.

3. RELATED WORKS

Considering this scenario and the assets management of companies in the energy power sector, a search was carried out
to verify existing works in this field, where deep learning and computer vision are applied to recognize electrical devices.
A faster region based convolutional neural network (Faster R-CNN) was used to detect equipment in an electric power
room (Zhang et al., 2021). For that experiment, a 5600 image dataset of 100 different classes was built and manually
labeled. A random shuffle was applied in the dataset, dividing it into 70% of images for training the net, 10% for tuning
it in a validation set, and 20% composing the test set, in order to verify the model. The experiment achieved 91.3% mean
average precision (mAP) on the test set. However, the authors pointed out a difficulty in detect dense small objects, which
is exactly the case for the application on this electric utility warehouse.

A dataset consisting of 804 pictures was built for an electric power equipment image recognition application based
on a deep forest learning model (Yao and Cheng, 2021). There are 5 classes on this balanced dataset, being insulators,
transformers, circuit breakers, poles, and iron towers. The images have different sizes. The dataset received an expansion,
including images of civil equipment in order to verify the algorithm’s ability to recognize the objects. In a study conducted
by Lile and Yiqun (2017), it was used a VGG architecture, and the results showed its capacity of detecting anomalies in
electrical equipment with images of infrared thermography as input for the net. The thermography dataset is divided into
four categories, being bus bar (meter), bus bar (circuit), IP phone, and PC motherboard. The dataset consists of 1140
images for training, 285 images for validation, and 142 images for the test. In a batch, 50% of images in the training set
received a horizontal/vertical flip for data augmentation.

A pre-trained Resnet50 was applied in the task of classifying mechanical parts that enter or leave a smart factory
facility (Patel and Chowdhury, 2020). The transfer learning technique fine-tuning was used to transfer the knowledge
from the pre-trained model to the desired task, adjusting all the layers of the net. The dataset consists of 1427 images of
6 different mechanical parts, divided into 955 samples for training and 472 for testing. For the training set, the images
received a data augmentation (shift, rotation, zoom, reflection, contrast, and brightness) to gather more data and get a
better result. The fine-tuned model achieved an accuracy of 98.94% on the test set.

Image recognition and processing model based on a combination of CNN with a recurrent neural network (RNN) as
an encoder-decoder were proposed to detect electrical equipment and generate English sentences, describing the scene
and helping in inspection (Xia et al., 2018). The dataset was created with the help of on-site patrol teams. A second
dataset was built, applying data augmentation by flipping, rotating, and scaling the images. A transfer learning technique
was used for the task of adjusting the weights of the net. The feature extraction technique tuned only the last layers of
the net, using three pre-trained models as reference (VGG-16, VGG-19, and Inception-V3). Inception-V3 showed better
performance accuracy. The authors tested the dataset, before and after the data augmentation, and in 93% of the tests the
models had a better recognition rate after the data augmentation.

According to these related papers, there are some procedures and techniques that are commonly applied in the recog-
nition task of electrical parts and classification of objects inside warehouses. Transfer learning techniques was identified
to overcome problems like high computational cost, time-consuming learning process and overfitting. Fine-tuning and
feature extraction were used to adjust previous knowledge from pre-trained models for new applications. It was common
to use a random shuffle on the samples for splitting the dataset, or k-fold cross-validation to test different combinations
of samples, both techniques for prevention of biased results. Small datasets also received a data augmentation, by adding
more samples from different sources or by changing some existing images. This information guides our experiments on
testing the proposed architectures.
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4. DEEP LEARNING MODELS

In this section, the deep learning models applied to classify the images of objects allocated in the electric power
company’s warehouse will be presented, describing each of the neural networks, their properties, and particularities.
For this application, the networks used were pre-trained models with the ImageNet dataset. The models received a
transfer learning technique (Torrey and Shavlik, 2010) called feature extraction, which takes advantage of knowledge
from previous training and applies it to a specific task. It works by updating the final layer of the architecture, reshaped
from a thousand neurons (ImageNet classes) to only two (insulator and brace band). Then, the biases and weights of
the last layer are trained on the new dataset, leveraging its knowledge to classify the new objects. The networks were
implemented through the deep learning library PyTorch !.

4.1 AlexNet

AlexNet was the first CNN that had an enormous impact on image recognition. The proposed architecture won
the ILSVRC-2012 competition with a Top-5 error rate of 15.3% on test set (Krizhevsky et al., 2012). The model was
trained on subsets of ImageNet that were used in the ILSVRC-2010 and ILSVRC-2012 competitions. Among the many
contributions of this paper, the main one is the use of GPU for training the model. The use of GPU delivered the capacity
of training deep models in bigger datasets.

Mainly, the architecture of AlexNet consists of five convolutional layers and three fully connected layers, the last one
being a soft-max function. Figure 2 shows the AlexNet architecture. The first convolutional layer has 96 feature maps.
The second layer is also a convolutional one with a number of 256 feature maps. The third convolutional layer has 384
feature maps and it does not have a max pooling. The output goes directly to the fourth convolutional layer, which is built
exactly like the third one. The fifth layer is a convolutional one with 256 feature maps. The next layer is a fully connected
layer with 4096 neurons, followed by another fully connected layer of the same size. At last, the third fully connected
layer of 1000 neurons has the soft-max function, in contrast with all the previous layers with rectified linear units (ReLLU)
as the activation function.

Conv 1 Conv 2 Conv 3 Conv 4 Conv 5§ FC Layer 1
ReLU
4096
11x 11,96 5x5,256 3x 3,256 FC Layer 2
Input Image R 5 > o .
2ax224x3 |~ stride 4 stride ] 0X3384 3x3,384 T  md
stride 1 stride 1
max pool max pool max pool 4096
ReLU ReLU ReLU ReLU ReLU FC Layer 3
size: size: size: size: size: Softmax

55x55x96 27x27x256 13x13x384 13x13x384 13x13x256 1000

Figure 2. AlexNet architecture.

The architecture has a local response normalization, located after the ReLU function in between convolutional layer
one and two and convolutional layer two and three. The authors implemented this function in order to give more gener-
alization to the local normalization scheme. The term a;,y is the neuron’s activity when given a certain kernel i at the
specific position x and y. The variable N is the total number of kernels while n is the number of adjacent kernel maps at
the same spatial position. There are three constants as well, being &, «, and .

The response normalized activity bim,y follow the Eq. (1)

min(N—1,i+n/2)

B
bé,y:ai,y/<k+a > (a-zg,yf) (1)

j=maz(0,i—n/2)

The constants k =2, n =15, « = 10~* and 3 = 0.75 are hyperparameters determined in the validation set. The authors
also brought to the table the use of data augmentation and dropout. For data augmentation, it was proposed to do image
translations, horizontal reflection, and intensity alteration in RGB channels. Dropout was used in all neurons of fully
connected layers one and two, multiplying their output by a factor of 0.5.

4.2 VGGNet

Proposed by Simonyan and Zisserman (2014), the VGG architecture is a convolutional neural network model that
achieved 92.7% on top-5 test accuracy in ILSVRC. The architecture model used was the VGG-11 with batch normaliza-
tion, with 11 weight layers in the network (8 convolutional and 3 fully-connected layers), as shown in Fig. 3. The network

Thttps://pytorch.org/
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input has a fixed size of 224x224 RBG image. Firstly, pre-processing is performed, where the average RGB value is
subtracted from each pixel of the images in the training set. Then, the image crosses several convolutional layers with 3 x
3 dimensional filters.

conv]

CLASS
Pole Insulator

fel fe2  fe3 /' Pole Insulator
v .
Ix1x4096 1x1x2 \

Brace Band

14x 14x 512

!

7x7x512

@ Convolution + ReLU

' Max Pooling

@ Fully Connected + ReLU
@ Softmax

224x224x 64

Figure 3. VGG-11 model architecture.

As described by Simonyan and Zisserman (2014), spatial pooling is carried out by five max-pooling layers. The max-
pooling is executed in a 2 x 2 pixel window, with stride 2. The width of the convolutional layers (number of channels)
starts with 64 in the first layer and grows with a factor of 2 after each max-pooling layer, reaching the end with 512
channels. Next, there are three Fully-Connected (FC) layers, where the first two have 4096 channels and the third has
1000 channels to make the classification of the ILSVRC, i.e. one for each class of the original problem. In this research,
since it is a binary problem, the value was adjusted to two classes. This final layer is a soft-max layer.

Consequently, the approximate number of parameters in this network is 133 million. Moreover, the training set receives
a data augmentation with the horizontal rotation and RBG shifting randomly of the cropped images. Thus, training from
scratch for this network can be very slow and require a considerable computational cost. A transfer learning of the feature
extraction type was carried out to reuse the net weights and only the last layer was adjusted for the proposed approach.

4.3 Inception

The Inception architecture (Szegedy et al., 2015) brought the idea of not only deeper but also wider nets. The proposed
architecture works with 3 filters of different sizes, a 1 squared filter, a 3 x 3, and finally, a filter with a size of 5 in both
dimensions. The second module of Inception deals with a reduction of dimensions, by adding a 1 x 1 convolution right
before the 3 x 3 and 5 x 5 filters mentioned above. Version 3 of Inception (Szegedy et al., 2016) introduced to the
net a factorization into smaller convolutions. The 5 x 5 convolution applied in the earlier versions is replaced by two
convolutions with dimensions 3 x 3 (in a block known as Block A), reducing the number of parameters. Version 3 also
brought a factorization into asymmetric convolutions, replacing the original 3 x 3 convolution into 1 x 3 and 3 x 1.
Moreover, one of the new 3 x 3 convolutions is replaced by a 3 x 1 and 1 x 3 in order to reduce the parameters as well,
building a new block (Block C). Block B also has a factorization, with a 1 x 7 followed by a 7 x 1 in parallel with two times
a convolution of 7 x 1 and a 1 x 7. The architecture also works with reduction blocks right before their concatenations.
Figure 4 shows the structure of the blocks A, B, and C, and the reduction A and B, where n in block B is set with value 7.

Block Block Block Reduction Reduction
A B C A B

|

Average
|__Pool

Yy

{ Max Pool

\ )
e

N
( \
| Max Pool /\
. 4

conv

1x1

3! Average Pool 5

Concat.

Figure 4. Inception blocks

The entire architecture of Inception-v3 is shown in Fig. 5. In total, this version has 48 layers and the architecture is
also known by its intermediate classifier that attacks vanishing gradient issues, by using the calculated loss in the main
classification loss, improving the results.

As reported by Szegedy et al. (2016), Inception-v3 was evaluated on the ILSVRC-2012 validation set, and reached a
21.2% top-1 error and 5.6% top-5 error, achieving a state of the art result.
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Figure 5. Inception-V3 architecture.

4.4 ResNet

Residual networks (ResNets) are a type of CNN architecture that has the ability to learn residual functions referenced
to layer inputs. Before these networks, it was believed that the good results obtained by deep neural networks happened
due to the additional layers inserted and increasing in the number of layers, it would be possible to obtain progressive
learning in more complex problems, where each layer could extract different features. However, as shown by He et al.
(20164), there is empirically a depth limit for traditional CNN models. Consequently, a new type of neural network layer
was introduced, the so-called residual block, which allowed for training and better performance of deep neural networks.
Thus, an identity mapping is performed, a kind of bypass, which inserts the output from the previous layer to the next

layer, as shown in Fig. 6.

x
identity

ReLU ReLU

—e—>» Weight Layer —» Weight Layer
Fx) +x
Fx)

Figure 6. Residual block.

Input x is combined with output F(x) of the layer. As x and F(x) may not have the same dimensions due to the
convolution operation, it is necessary to modify the identity mapping through a W weight function. This function adjusts
the input channels to a value corresponding to the residual dimension, in order to allow the combination of these values
(He et al., 2016b), as shown in Eq. (2) and Eq. (3) . In the equations, x; indicates the input and z;4; the output of the i-th
layer, and F represents the residual function. The identity mapping is represented by h(x;), which is equal to z; and f is
a ReL.U function (Nair and Hinton, 2010).

yi = h(z;) + F(xs, W) 2

Tiv1 = f(y:) ®)

In addition, Resnet makes use of stochastic gradient descent (SGD) instead of adaptive learning techniques (Keskar and
Socher, 2017) and introduced pre-processing step on input, dividing the data into patches and then feeding the network.
Its main advantage is in the stacking of residual layers, and that trained achieve a good performance, unlike sequential
networks where performance is reduced with increasing layers. Activation of any unit can be written as the sum of
input activation with residual function. As a result, gradients can be propagated directly to shallower units, making the
optimization of ResNets easier than the original mapping function and more efficient to train than very deep networks
(Gu et al., 2018). In this research, a ResNet18 was used due to the small size of the dataset and a few numbers of classes
(binary problem).

4.5 SqueezeNet

A smaller CNN architecture with 50 times fewer parameters in comparison with AlexNet was proposed by Iandola
et al. (2016). There are three main advantages of a CNN with fewer parameters: faster training time due to less communi-
cation across servers, more frequent new model updates to clients, and a feasible FPGA and embedded deployment. The
authors focused on building an architecture called SqueezeNet that delivered these three advantages with the same level
of accuracy achieved by AlexNet on ImageNet. Moreover, with a deep compression approach, SqueezeNet reached 510
times fewer parameters in comparison with AlexNet. Iandola et al. (2016) proposed three strategies. The first is to use 1
x 1 filters instead of 3 x 3, which reduces 9 times the number of parameters. The second strategy consists of limiting the
number of input channels to 3 x 3 filters. Finally, strategy three is a process of building larger activation maps by a late
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down-sample, leading to higher accuracy. A fire module, consisting of a squeeze convolution layer (1 x 1 filters) followed
by an expand layer (1 x 1 and 3 x 3 filters) is proposed. There are three hyperparameters in fire modules, being the number
of 1 x 1 filters in the squeeze layer (s1,1), the number of 1 x 1 (e1,1), and 3 x 3 (es,3) filters in expanding layer. The 1
x 1 filters are responsible to implement strategy 1. In the architecture, the s1,; is set to be less than e, + e3,3, limiting
the number of input channels as explained in strategy 2. A fire module is illustrated in Fig. 7.

Squeeze Expand

[Previous Layer X Eixi X Esza RelLU ]—)[ Next Layer J

Figure 7. SqueezeNet fire block.

Three SqueezeNet architectures were constructed (Iandola ef al., 2016). A regular SqueezeNet, a SqueezeNet with
simple bypass (skip connections), and a complex bypass SqueezeNet (skip connections with 1 x 1 convolutions). Figure 8
shows the proposed architectures. The network starts with a convolution layer (7 x 7 filter with stride 2), followed by
eight fire modules. The number of hyperparameters for each fire module (s1,1, €11, and es,3) are illustrated in the same
sequence. A new convolution layer (1 x 1 filter with stride 1) is then applied before the global average pool (13 x 13 filter
with stride 1). The sequence ends with a soft-max function that gives the output class. The late max pooling operations
(3 x 3 filter with stride 2) bring to the model larger activation maps, helping to implement strategy 3. There are no fully
connected layers on these architectures, making them fully convolutional networks.

Max Pool Conv 10

Input Average
Image Pool
Fire 8
64256 256J Sofumax > 1P
Class
SqueezeNet —
SqueezeNet Simple Bypass —_— —p
SqueezeNet Complex Bypass —» —>» —>»

Figure 8. SqueezeNet architectures.

The architectures with bypass connections are inspired by residual networks (He et al., 2016a). The simple bypass
connections are element-wise additions while complex bypass with 1 x 1 convolution adds more parameters to the net.
The skip connections help training the full model and improving the accuracy as well as alleviate the representational
bottleneck. SqueezeNet was trained on the ImageNet ILSVRC-2012 dataset and the simple bypass architecture achieved
the highest evaluation with 60.4% top-1 and 82.5% top-5 accuracy with a model size of only 4.8 megabytes.

4.6 DenseNet

The Dense Convolutional Network (DenseNet) was proposedy by Huang ef al. (2017) and differs from other CNNs
due to its feed-forward fashion way that connects each layer to all layers in the model. DenseNet has dense blocks that
connects every feature map from all preceding layers to every subsequent layers. It is similar to the skip connections in
Residual Networks (He et al., 2016a), however DenseNet behaves very different. Due to its all connected layers, this
architecture can take advantage of feature reuse, leading to a more compacted model and an implicit deep supervision.
The authors (Huang et al., 2017) proposed four architectures. Each one has four dense blocks with different depth. The
simpler one, DenseNet-121 is shown in Figure 9. The architecture starts with a convolution and a max pool operation,
and each layer in between dense blocks are known as transition layers. This version uses a fully connected layer with a
thousand neurons with a softmax in order to classify the outputs.

112x 112 56 x 56 28 x 28 14x 14 Ix1
Input 224 x 224 | ~== -7 6% P S 12x P y 24 x p 3 16x
Conv Ie Global
g onv Conv Avg Pool
7x7

stride 2

T Dense Block 2 Dense Block 3 Dense Block 4 .
Mz 1l Ix1 1x1 (" Fully
Max Pool 3% 3) Ix3 BESS) Connected| | Prediction:
3 x 3 1000 "Brace Band"
ctihils2 28x 28 14x 14 7x7 \Softmax /
56 x 56 28 x 28 14x 14 Tx7

Figure 9. DenseNet-121 architecture.
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DenseNets were trained on several datasets, achieving state of the art performances with the use of less computa-
tion and fewer parameters. These models tend to improve in accuracy as their dense blocks grow, showing no signs of
degradation in performance or overfitting (Huang et al., 2017).

5. RESULTS AND DISCUSSION

A procedure was set in order to train the models. The RGB dataset consisted of 398 images for training and 87 images
for validation. Datasets described in Section 3 have a higher number of images if compared to the dataset of this paper, by
the rate of: 11.54 times (Zhang et al., 2021); 1.65 times (Yao and Cheng, 2021); 3.23 times (Lile and Yiqun, 2017); 2.94
times (Patel and Chowdhury, 2020); 1.58 times (Xia et al., 2018). For tuning the models, it was used the same following
inputs: five epochs for training, batch size equals to eight, k-fold cross-validation technique with 10 folds, cross-entropy
loss function, adaptive moment estimation (ADAM) optimizer, and a learning rate of 0.001. After the training procedure
was done, the loss function and accuracy of the models were compared. Figure 10 shows the models’ loss (left) and
accuracy (right), both for each training fold step. SqueezeNet and AlexNet achieved smaller loss values at the entire
training in comparison with other models. AlexNet, SqueezeNet, and Resnet-50 had 100% accuracy on training at least
in one fold, while Inception-V3 varied its accuracy and had the highest value in the loss function.

1.0

—— AlexNet 100
DenseNet
—— Inception
0.8 —— ResNet
—— SqueezeNet 80
— VGG
>
0.6 9 60
wn ©
a o
g
0.4 < 40
—— AlexNet
DenseNet
0.2 —— Inception
20 —— ResNet
—— SqueezeNet
— VGG
0.0 0
2 4 6 8 10 2 4 6 8 10
Folds Folds

Figure 10. Training set results: models’ loss (left) and accuracy (right).

The dataset used for testing consisted of 80 RGB images, being 42 samples of insulators and 38 samples of brace
bands. The testing procedure intended to check the capacity of the models to deal with new data, off of the dataset
used for training and validating them. This test does not intend to deal with images with different classes, images with
no insulators or no brace bands. Several metrics were compared in order to check the best model to be used in this
application. The chosen metrics were accuracy, precision, recall, and F1 score (Gu et al., 2009). Table 1 shows the values
of the metrics achieved in each model. The values in bold highlighted the best performances.

Table 1. Metrics of the evaluated models.

Models  AlexNet VGGNet Inception-V3 Resnet-50 SqueezeNet DenseNet-121

Accuracy  0.938 0.913 0.888 0.938 0.975 0.925
Precision 0.902 0.897 0.892 0.902 0.950 0.864

Recall 0.974 0.921 0.868 0.974 1.00 1.00
F1 score 0.937 0.909 0.880 0.937 0.974 0.927

For accuracy, SqueezeNet achieved the top of the rank, with 97.5%, followed by AlexNet and Resnet-50. The accuracy
measured how well the models predicted the true samples. Considering the brace band as the true positive, the precision
metric measured how much the model was right in classifying it. SqueezeNet stood out with a 95% of precision, showing
its ability to not classify as positive a negative sample. All models performed better with recall in comparison with their
other metrics, with the exception of Inception-V3. DenseNet and SqueezeNet achieved 100% on recall, meaning that
these models could classify all true positives in the testing set. F1 score shows a clearer view of the models as a whole,
considering it is the harmonic mean of precision and recall. Once more, SqueezeNet achieved the best performance on the
F1 score, with 97.4%. F1 score and accuracy were considered the most important metrics in this paper since it is working
with a balanced dataset. SqueezeNet prevailed on these categories.

The confusion matrix in Fig. 11 shows the results achieved by SqueezeNet. The diagonal illustrates the true samples
that the model predicted right (in a darker blue) while the samples off of the diagonal (in lighter blue) illustrate error in
prediction. As reported by the metric recall, the model predicted all brace bands. SqueezeNet misclassed only 2 insulators.
This class represents a more difficult challenge since its dataset is composed of some images with occlusion (insulator
inside wooden boxes) and absence of light.
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Figure 11. Confusion matrix of SqueezeNet classification.

6. CONCLUSION AND FUTURE WORKS

This paper presented a comparison of well-known CNN models applied in an inventory management classification
assignment on the electric maintenance field. Six architectures were compared, being AlexNet, VGGNet-11, Inception-
V3, Resnet-50, SqueezeNet, and DenseNet-121. The transfer learning method feature extraction was applied in each
model, adapting the CNN for this present task by utilizing previous knowledge. Loss and accuracy metrics were observed
in the training step. Afterward the training step, all models were tested with new data. Accuracy, precision, recall, and F1
score were used as metrics for evaluation. SqueezeNet stood out, achieving the best performance for this application, in
terms of loss and accuracy in training as well as in all metrics on the test set. The results are consistent with the values
found in the literature for this type of classification problem, given the particularities of each dataset.

For future studies, it is intended to experiment with an ensemble of classifiers, as well as tuning them individually, in
order to improve performance and deliver more reliability for an intelligent inventory management solution. An expansion
of the dataset is also needed, for a better representation and description of such tasks.
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