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Abstract— Building a Robotic cook still face tremendous
challenges in basic physically-interactive manipulations
and task-oriented grasping. To do different manipulation
on objects they need to have knowledge of those states. This
paper focuses on the analysis of cooking object state’s
classification based on the dataset of cooking object
annotated as 11 different cooking states (like diced, sliced,
etc.,). The data set is then divided into training, validation
and testing. A pretrained VGG19 model is used as a base
model and is trained with training data along with
validation dataset for the model validation to prevent from
overfitting. The model is then fine-tuned for our problem of
classification of cooking object’s state. An untouched test
data is used to find the models performance. This model can
further be tuned and used for other object state
classification.

Keywords— Cooking object state classification, Convolutional
Neural Network, Pre-Trained Model, Fine-Tuning, Optimizer.

I. INTRODUCTION

Cooking process goes through manipulation of different
objects from one state and other until the final recipe is
prepared. Inorder to build a robotic cook we need to make it
recognize and classify those states distinctly so that it can
comprehend that its manipulation of that object to that
particular state is successfully achieved or to be sure of either
how to proceed with the object for a specific recipe. This
drives the work on the classification of cooking object’s state.
There are lots of work going on in image classification, which
can be used as a base for the state classification. Especially,
Image Net Large Scale Visual Recognition Challenge
(ILSVRC) in 2014 has brought very good models for the
image classification like VGG, Inception, RESNET, Alexnet,
etc., which are then used for the various purpose, adapted,
updated[13].

In this paper, we are discussing the reports of the
experiments and result obtained through the Fine-tuned
VGG19 model. The fine-tuning involve the inclusion of
additional layers to help the classification even further along
with the model. The given datasets are used to train and fine-
tune the model to classify the cooking objects state. Different
techniques have been experimented on the dataset like data
augmentation, preprocessing, batch normalization, dropout,
optimizers to better the classification accuracy.

1. METHODOLOGY
A. Dataset

Dataset used for this experiment consists of cooking
objects belonging to 11 different classes each represents
different state of object in cooking manipulation. They are
namely creamy paste, diced, floured, sliced, mixed, peeled,
grated, julienne, whole, juiced and other. The dataset is
divided into training and validation, where the training dataset
consisted of 6348 images and validation set had 1377 images.

B. Data Processing

Building a deep neural network involves building a
sequence of layers that process the data to find a feature and
patter in them to establish or form a rule from which further
related data can be comprehended. Inorder for the layers make
more sense of given data it has to be preprocessed to certain
input format, for which different techniques were employed.

Preprocessing of the input is the initial technique to
process to make the data bring out its behavior and remove its
inconsistency throughout the dataset.

Data augmentation is technique that helps us when the
dataset is small for our training it will help create additional
data from existing dataset by flipping them horizontally or
vertically, shifting the range, rotation, scaling etc., which
would help training the model better.

I11.LEXPERIMENT

For the experiment, we have used VGG19 pretrained
model as a base model and applied different techniques on top
of the model to fine-tune and adapt to our problem of cooking
object state classification. VGG uses Convolutional neural
network(CNN) for the extraction of the basic block of feature
information from the image which play a vital role in
identifying each image distinctly[5][21], different kind of
CNN layer with the use of different kind of kernel and other
attributes, can be adjusted to extract different kind of features
from the image which are then can be used for the different
problems[19].

The VGG19 model we are using has lots of such CNN
layer which got rained on Imagenet data on so the layers are
trained to optimum weights for the image classification, which
would help as the knowledge can be used for our problem of
state classification by adapting and adding additional layers to
it, this type of machine learning is called transfer learning.



A. Model Architecture |

Base model layer of VGG19 was kept along with weights
for most layer of it since the bottom layer in a model always
do the feature extraction and it is same for most of the model
of the same or related problems. For this model we have
removed the topmost layer of base model and added a CNN
layer to further more adapt the feature extraction for our
problem followed by which we have added global averaging
to reduce dimension for the following two dense layers and
finally converge it to classify 11 classes, which is clearly
shown in the Figl.

Layer (type) Output Shape Param #

input_1 (InputLayer) (None, 150, 150,3) 0

blockl_convl (Conv2D) (None, 150, 150, 64) 1792

blockl_conv2 (Conv2D) (None, 150, 150, 64) 36928

blockl_pool (MaxPooling2D) (None, 75, 75, 64) 0

block2_convl (Conv2D) (None, 75, 75,128) 73856

block2_conv2 (Conv2D) (None, 75, 75,128) 147584

block2_pool (MaxPooling2D) (None, 37,37,128) 0

block3_convl (Conv2D) (None, 37,37,256) 295168
block3_conv2 (Conv2D) (None, 37,37,256) 590080
block3_conv3 (Conv2D) (None, 37,37,256) 590080
block3_conv4 (Conv2D) (None, 37,37,256) 590080

block3_pool (MaxPooling2D) (None, 18, 18,256) 0

block4_convl (Conv2D) (None, 18, 18,512) 1180160
block4_conv2 (Conv2D) (None, 18, 18,512) 2359808
block4_conv3 (Conv2D) (None, 18, 18,512) 2359808
block4_conv4 (Conv2D) (None, 18, 18,512) 2359808

block4_pool (MaxPooling2D) (None, 9, 9, 512) 0

block5_conv1 (Conv2D) (None, 9, 9, 512) 2359808
block5_conv2 (Conv2D) (None, 9, 9, 512) 2359808
block5_conv3 (Conv2D) (None, 9,9, 512) 2359808
block5_conv4 (Conv2D) (None, 9, 9, 512) 2359808

block5_pool (MaxPooling2D) (None, 4, 4, 512) 0

New_conv (Conv2D) (None, 4, 4, 512) 2359808

batch_normalization_1 (Batch (None, 4, 4, 512) 2048

activation_1 (Activation) (None, 4, 4, 512) 0

max_pooling2d_1 (MaxPooling2 (None, 2, 2, 512) 0

global_average_pooling2d_1 ( (None, 512) 0

dense_1 (Dense) (None, 2048) 1050624
batch_normalization_2 (Batch (None, 2048) 8192
activation_2 (Activation) (None, 2048) 0
dropout_1 (Dropout) (None, 2048) 0
dense_2 (Dense) (None, 128) 262272
batch_normalization_3 (Batch (None, 128) 512
activation_3 (Activation) (None, 128) 0
dropout_2 (Dropout) (None, 128) 0
dense_3 (Dense) (None, 11) 1419

Total params: 23,709,259
Trainable params: 3,679,499
Non-trainable params: 20,029,760

Figl. Model Architecture |

Batch normalization is used after CNN[16] and both of
dense layers we have added to normalize feature values which
help us in training speed[10]. Similarly, the activation
function of ReLu is also added after each of the above-
mentioned layers. Inorder to prevent the model from
overfitting we have added the layer of Dropout after each
additional CNN and the dense layer added.

Model is then compiled with optimizer SGD using
categorical cross-entropy as loss function along with
momentum with 0.001 learning rate to train on the augmented
training dataset while being monitored with early stopping
callback to prevent overfitting and also checkpoint callback is
used to save the best model for validation accuracy[1][3].

All these were done while freezing the base model
completely so that it won't train for this first iteration of the
epoch with a maximum limit to 200. For the next iteration,
only the first seventeen layer of the base model is frozen so
that it can be now trained along with the newly added layer to
fine-tuned for our problem.

In this iteration, the model is compiled with optimizer of
Adadelta and allowed to train furthermore on the data while
validation data is used for validating the model with callbacks.
The use of SGD and adadelta is that because SGD is used to
find the global minima and then the adadelta can adapt the
learning rate based on the problem and can arrive at local
minima. Epoch used for the second iteration is 50. And based
on the checkpoint best model of validation accuracy is saved
and used for the test the model performance using the separate
test data.

B. Model Architecture 11

In this model, we did the same two iterations same epoch
with some changes to additional layers to fine-tune base



model from the previous architecture. Apart from the removal
of the top layer from base model as earlier, we have added
flatten layer to reduce the dimension of the features extracted
from the previous layer and the result is forwarded to the two
dense layers which are followed by dropout to prevent
overfitting. And finally, one dense layer to classify the 11
states as can be seen in Fig2.

Layer (type) Output Shape Param #

input_1 (InputLayer) (None, 150, 150,3) 0

blockl_convl (Conv2D) (None, 150, 150, 64) 1792

blockl_conv2 (Conv2D) (None, 150, 150, 64) 36928

blockl_pool (MaxPooling2D) (None, 75, 75, 64) 0

block2_convl (Conv2D) (None, 75, 75,128) 73856

block2_conv2 (Conv2D) (None, 75, 75,128) 147584

block2_pool (MaxPooling2D) (None, 37,37,128) 0

block3_convl (Conv2D) (None, 37,37,256) 295168
block3_conv2 (Conv2D) (None, 37,37,256) 590080
block3_conv3 (Conv2D) (None, 37,37, 256) 590080
block3_conv4 (Conv2D) (None, 37,37,256) 590080

block3_pool (MaxPooling2D) (None, 18, 18,256) 0

block4_convl (Conv2D) (None, 18, 18,512) 1180160
block4_conv2 (Conv2D) (None, 18, 18,512) 2359808
block4_conv3 (Conv2D) (None, 18, 18,512) 2359808
block4_conv4 (Conv2D) (None, 18, 18,512) 2359808

block4_pool (MaxPooling2D) (None, 9, 9, 512) 0

block5_conv1 (Conv2D) (None, 9, 9, 512) 2359808
block5_conv2 (Conv2D) (None, 9,9, 512) 2359808
block5_conv3 (Conv2D) (None, 9,9, 512) 2359808
block5_conv4 (Conv2D) (None, 9, 9, 512) 2359808

block5_pool (MaxPooling2D) (None, 4, 4, 512) 0

flatten_1 (Flatten) (None, 8192) 0

dense_1 (Dense) (None, 4096) 33558528
dropout_1 (Dropout) (None, 4096) 0
dense_2 (Dense) (None, 4096) 16781312
dropout_2 (Dropout) (None, 4096) 0
dense_3 (Dense) (None, 11) 45067

Total params: 70,409,291

Trainable params: 50,384,907
Non-trainable params: 20,024,384
Fig2. Model Architecture 11

Now the Model is compiled with optimizer RMSprop a
with 0.001 learning rate to train on the augmented training
dataset while being monitored with same callback to prevent
overfitting and save model. In this model also, freezing the
base model was same as the earlier model to fine-tune for our
problem[4][19].

For the second iteration, the model is compiled with SGD
using categorical cross-entropy as loss function along with
momentum with 0.001 learning and allowed to train
furthermore on the data while validation data is used for
validating the model with callbacks. Epoch used for the
second iteration is 50. And based on the checkpoint best
model of validation accuracy is saved and used for the test the
model performance using the separate test data. Since there
isn’t any big process or convolution layer batch normalization
layer was not used.

IV.RESULT

Performance of the two models are assessed on the test
data. Compared to the two model Model 11 had better accuracy
than the earlier one. The model | had an accuracy of 50.18%
while the Model 1l had an accuracy of 64.42% on the test
dataset. The loss and accuracy of both models on train,
validation and test are tabulated below in Tablel.

Pe:\‘;lormance Model I Model 11
etrics

Train Accuracy 58.67% 84.92%
Train Loss 1.3779 0.4779
X‘"""da“o” 50.18% 65.40%

ccuracy

Validation Loss 1.6129 1.2277
Test Accuracy 49.98% 64.42%
Test Loss 1.5830 1.2060

Tablel. Performance result

From the above table, we can see that Model 11 performed
better than Model | in case of accuracy, i.e., classifying a
better number of state of the cooking object. This is better
visualized in the graph plots below in Fig3&4.

Training vs Validation Accuracy-Model 1




Fig3. Training vs Validation Accuracy Model |

And we can see the Model | have a better resistant to
overfitting than that of the Model I, this might be the reason
of usage of both dropout and the batch normalization and the
kernel regularization of L2 we have used in that model.This
difference can be clearly viewed in the figures Figh&6 below.

Training vs Validation Accuracy-Model 2

Fig4. Training vs Validation Accuracy Model |1

Training vs Validation Loss-Model 1
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Fig5. Training vs Validation Loss Model |

Training Vs Validation Loss-Model 2

— -

135 7 9111315171921 L 27 29 31 33 35 37 39 41 43 45 47 49 51 53 55 57 59 61 63 65 67

Fig6. Training vs Validation Loss Model 11

V.CONCLUSION

In this paper, we have presented the result of two models
for the cooking object’s state classification build from the
fine-tuned VGG19. We had an accuracy of 64.42% for the
classification of the 11 states of the cooking objects annotated
to a specific problem. On the process of building a model for
cooking object state classification, we have understood how
different parameter and techniques of the deep learning model
affects a model performance in a different way. In future
work, we can analyze more techniques of deep learning better
with the larger dataset and can build a better for cooking object
state classification.
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