
Replies to Critical Reviews
Critical review from group 3

● Did you learn anything from your baseline models’ most important features? Or did you
use this 62.25% to compare against anything? It was mentioned early in the
presentation, but it was never brought up again later.
In fact, the baseline model is used to evaluate whether our deep learning methods have
improved the prediction accuracy or not. Just like a basic standard. In our paper, we will
make a comparison over the result obtained from the baseline model and deep learning
model.

● Was PCA only used for the Transformer model? Did you try it for other models?
In our project, PCA is a way to preprocess the images and it can be used for any three
deep learning models we used. But in the  ResNet model we have used some feature
extraction ways to do the preprocess. And Vit models have used this and have got a
better result. But when it comes to the InceptionV3 model, the PCA makes the result
worse. In my view, it is likely that the PCA preprocessed will make the images lose some
features and when it applies to the inception V3, the result is not desirable.

● There is slight confusion about what pre-processing steps correspond to which model,
so recommendation is to be very clear about the feature extraction only being for ResNet
and PCA for transformers. Slides did not mention any pre-processing for InceptionV3.
When it comes to the InceptionV3 model, the PCA makes the result worse. In my view, it
is likely that the PCA preprocessed will make the images lose some features and when it
applies to the inception V3, the result is not desirable. In our inceptionV3 model, we
have made some basic pre-processing, such as rotation, zoom and shift.

● One suggestion is that you should standardize the way you are displaying your loss and
accuracy curves across your ResNet and Inception experiments. Since they are the
same task, comparing the curves could be an interesting point of discussion. Inception
has no inclusion of loss/accuracy curves in your presentation.
Thank you for your suggestion. Due to the limitation of GPU resources, it is hard for us
to display our loss and accuracy curves across all the models, but we will use tables to
display our results and put them together to make a comparison.

● Another suggestion is to include examples of correct and incorrect predictions of all of
your models so we can see potential sources of error with the models other than
InceptionV3.
Thank you for your suggestion. Due to page limitation, we cannot include this part for
discussion. But with our observation on the test result, we found that types with apples
tend to have low accuracy. Possible reason could be that in the dataset, apples are
classified into 12 different types. Between some types the features are very similar.



● Did you test training the ViT for more than one epoch? What were the results like?
Yes, for the ViT model, I tried it with three epochs. The performance increases
significantly, especially for the average training accuracy. The average training accuracy
is 99.7% and the average validation accuracy is 98.1% now. More detailed data are in
the project report.

● For InceptionV3, the validation accuracy is 8% higher than the training accuracy, so do
you have any explanation for this? Usually training accuracy is higher or close to
validation accuracy, so this is an interesting discovery.
Yes, it is an interesting question. In our presentation, I have trained about 10 epochs to
get the result and the training accuracy is close to the validation accuracy. I think this
phenomenon is caused by uneven distribution of the data and less amount of training
epoch at first. But as the training epoch increases, the result seems to be reasonable.

● There was no conclusion about which model you found was the best. It seems ResNet
had the highest accuracy of all 3, so maybe you can investigate and hypothesize why it
outperformed the others.
Thanks for the suggestion, since more tuning and adjustment is needed for the three
models to reach optimal performance, we will put the final performance in the
conclusion part of the report.

● In your code portion, you mention sampling to create a smaller dataset, but did you do
anything to maintain class balance?
Yes, when creating a smaller dataset for ResNet50 feature extraction,  a function called
get_sample is used to ensure every class of images is extracted with the same portion.

Critical review from group 8
● What is the intuition behind choosing these models?

Random forest, ResNet50, Vit, inceptionv3 are very popular models in the prediction
tasks. And all of them have very high accuracy in the ImageNet model. Vit models
already have several pretrain models and only few tuning is needed when applied to our
dataset.

● What are the main differences in the results between these models? Aside from the
accuracy numbers, do they have noticeable differences in behavior in predicting new
images?
The main differences are reported in the Project Analysis in Discussion section. Besides
the testing accuracy, we also compared the loss and F1 score of the models. The
models all have good accuracy in predicting images. However, the complexity of them is
not the same thus leading to different suitability to real-time classification. In our cases,
the VIT model is the most suitable one.



● The intuition of using ResNet50 for feature extraction. Why do we need this step?
Using a pre-trained model to do classification is widely used and often with high
accuracy. Besides, applying the features extracted by ResNet50 to
fully-connected-layers can reduce the trainable parameters, which increase the training
speed.

● Is there a possible explanation of why the accuracy of validation sets trained with both
models are so high?
Because the parameters of the model have been pre-trained. And we can get a very
high validation accuracy on our models.

Critical review from group 36
● Is there a reason to use Random Forest as the baseline? Is it because of its flexibility?

Random forest is a very common way for prediction tasks and it is a machine learning
method and pretty simple. So we can make a comparison of our deep learning models
over the simple one. In this way, we can evaluate whether our model can improve the
prediction accuracy .

● Maybe add the underlying principles of PCA and visualize the principal component for
some images?
Yes, PCA is used for dimensional reduction and optimal reconstruction. In this project,
we first generate a set of images from one sample image with random mean Gaussian,
random flipping and random rotation. Then, apply PCA on three channels separately and
reconstruct the image from 8 principle components. The resulting image is used for
further training.

● Explain more details about the InceptionV3 model?
Yes, we will do this in our paper.
Inception V3 is a very popular mode in the prediction task. The main idea of the
Inception architecture is to find out how to use dense components to approximate the
optimal local sparse nodes. There are several versions of the inception model, including
inception, inceptionv2 and inceptionv3. InceptionV3 is the improved version of
inceptionV2. Inception V3 has made two main improvements to Inception V2. First of all,
Inception V3 optimizes the structure of the Inception Module. Now Inception Module has
more types (there are three different structures: 35 × 35, 17 × 17 and 8 × 8), and
Inception V3 is still in the Inception Module Branch is used in branch.Secondly, Inception
V3 also introduced the method of splitting a larger two-dimensional convolution into two
smaller one-dimensional convolutions. For example, 7×7 convolution can be split into
1×7 convolution and 7×l convolution. 3x3 convolution can also be split into Ix3
convolution and 3 × l convolution. This is called Factorization into small convolutions
though. In the paper, the author pointed out that this asymmetric convolutional structure
splitting can handle more and richer spatial features and increase feature diversity. It can
be better than symmetrical convolutional structure splitting, while reducing calculation
amount.There are totally 295,683 trainable parameters in the model.
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ABSTRACT
In this project, we intend to better understand machine learn-
ing and deep learning through making a classification over the
fruits and vegetable. Feature Extraction with Resnet50, Vi-
sion Transformer (ViT)and InceptionV3 are applied to Fruits-
360 dataset to train the classifier. The performance of models
are compared with each other and ResNet50 achieves the best
result.

Index Terms— fruit recognition, fruit detection, machine
learning, deep learning

1 Introduction

As the development of science, the application of deep learn-
ing or machine learning methods on the image processing,
such as Semantic segmentation, image classification becomes
more and more popular. Our project focuses on how to use
deep learning algorithm to perform fruit classification. Fruit
classification can be used in a wide range of area like un-
named market and agricultural application in inter-cropping.
This system is very necessary due to the large requirement of
fruits and vegetable and high cost of manual labor.
In our project, the input is the images of 131 different kinds
of fruits and vegetables associated with their labels from
Fruits-360 dataset. We use PCA to preprocess the images for
ViT. Machine learning methods, such as random forest and
deep learning methods, such as ResNet50, ViT, InceptionV3
are applied for training, to predict the types of vegetable and
fruits.

2 Related work

To perform fruit recognition, researchers describe fruit at-
tributes with quantitative measurement and formulate the
controlled vocabulary and equation to include traits features
[1]. They use the Tomato analyzer to analyze specified shape
features and combine them with PCA and subsequent QTL
analyses. Thus, accurate measurement is provided for both
fruit shapes and traits. However, massive effort are required
for manually labeling and quantifying different traits and
shape attribute for different plants.
Some researchers perform random decision forest algorithm

on sorting papaya into different ripeness stage [2]. Decision
trees processes and outputs the most probable class based
on its model and learns the influence of input features. This
algorithm also performs well in foods quality evaluation [3].
However, random decision forest can have a complicated
structure and thus requiring massive computation power.
With the consideration of low efficiency and high time con-
sumption of classifying the fruit by hand, CNN-based models
become more and more popular used in the field of object
classification. For example, in [4], Zhai et al. scale ViT mod-
els and train a classifier, which obtains a new state-of-the-art
on ImageNet of 90.45%. The work in [5] aims at classifying
vegetable and fruits in the retail market, sharing similar goal
with our project. The authors use different conventional net-
work such as Inception and MobileNet. Based on the works
mentioned above, it is clear that the proposition of different
deep learning based method has greatly simplified the ob-
ject classification problem with abundant data. Traditional
methods need lots of statistical and mathematical analysis. In
contrast, deep learning based method can help us formulate
the model with simple math. In spite of the advantage men-
tioned above, there are limitations too. For example, deep
learning is unable to encode the position and orientation of
object and lack of ability to be spatially invariant to the input
data.

3 Dataset and Features

3.1 Dataset

Fruits-360 is first proposed in [6] and is continuously main-
tained by the authors. Till now, it has 90380 images of 131
fruits and vegetables with training set size of 67692 and test-
ing set size of 22688. This dataset can be downloaded from
the addresses pointed by references [7] and [8]. Every im-
age in this dataset is with 100 × 100 pixels. Different from
many other image dataset, the backgrounds of the pictures
are removed in Fruits-360 as shown in Figure 1. In fact, this
dataset can be used to conducted different image tasks, such
as semantic image segmentation, object detection and object
classification. The reason why we choose classification as our
task is that this dataset has high-resolution images with little
noise, ensuring a highly efficient classifier. For the excessive



data and limited personal computational resource, only part
of the data in the training set is used for the training, valida-
tion and testing steps. 20000 images in the training set with
the same portion of images in each class are used. The train-
ing, validation and testing sets are split by the train test split
function in Sciki-Learn toolkit [9].

Fig. 1: A visualization of 5 random samples in the training
set of Fruits-360.

3.2 Features
ResNet50: When it comes to the feature extraction with
Resnet50 [10], the model pretrained on the ImageNet [11]
is used. The 2048 dimensional feature vector are obtained
by removing the last fully connected layer. With these high-
efficient features, simple deep learning structure can achieve
good classification accuracy.
PCA: Principle Component Analysis is a method for optimal
reconstruction and dimension reduction. Data can be project
into new orthogonal coordinate system with coordinate being
the principle component, the feature reconstructed on the ba-
sis of the original data feature. The component with greatest
variance is assigned to be the first principle component. With
various noise and transformation applied, PCA is applied to
generated set and outputs an image with 8 principle compo-
nents. The processed image is used for further training.

Fig. 2: Image before (upper) and after (lower) processing with
PCA

4 Methods

4.1 Random forest
Random forest is composed of many independent decision
trees.When we classify, the new input sample will let the deci-

sion tree in the forest make a judgment and each decision tree
will get its own classification. Model outputs the class with
most selection by the decision trees, then the random forest
will regard this result as the final result. But the random for-
est is unavoidable to overfit in some noisy classification or
regression problems.

4.2 ResNet50

To ease the difficulty of training a very deep network, He et al.
presented a residual learning framework in [10]. The layers of
ResNets are reformulated as learning residual functions with
reference to the layer inputs, instead of learning unreferenced
functions. This fundamental breakthrough allows later gener-
ations to train extremely deep neural networks with 150+lay-
ers successfully. The plain baselines of the residual net are
mainly inspired by the VGG nets [12]. Based on the plain
network, after replacing each 2-layer block with a 3-layer bot-
tleneck block, 50-layer ResNet is formulated, which is the
structure implemented in this project. The structure is shown
in Fig. 3. Instead of training the network from the scratch.
ResNet50 pretrained by ImageNet is used to extract the fea-
ture. Those features are then applied to one fully-connected
layer with softmax to classify the images.

Fig. 3: The structure of ResNet50 Network [13].

4.3 Vision Transformer

Vision transformers (VIT) [14] utilize the transformer model
structure with several data processing. An 2D image x ∈
RH×W×C with dimension height H, width W and number of
channel C is resized into a sequence of 2D patches xp with
dimension HW

P 2 × P 2C where P define the resolution of the
patches and the transformer will has N patches as input, each
patch will be transformed into a 1D vector with length D as
equation 1.



Fig. 4: Structure of ViT and transformer encoder [14]

Additionally, Since positional information for patches is
still not presented to the model, a positional embedding is ap-
pended in figure 1 in purple block. A learnable embedding
for the class patches xclass which will be used for the out-
put of transformer encoder in equation 2. z

′

L will be used as
the image representation after going through the encoder. A
classification head which is implemented by Multi Layer Per-
ceptron (MLP) is applied to this output.
The encoder structure is similar with the transformer encoder
used in NLP [15]. For layer l, with input zl−1 from previ-
ous layer, it first go through a multi-head self-attention layer
in equation 3. Then a Multi layer Perceptron layer is applied
in equation 4 and output the zl. Layer normalization is per-
formed before entering MLP and MSA.

z0 = [xclass;x
1
pE;x2

pE...;xN
p E] + Epos where

E ∈ RP 2C×DEpos ∈ R(N+1)×D (1)

y = LN(z0
L) (2)

z
′

l = MSA(LN(zl−1)) + zl−1 l = 1, ..., L (3)

zl = MLP (LN(z
′

l))z
′

l l = 1, ..., L (4)

4.4 InceptionV3

Inception V3[16] is a very popular mode in the prediction
task. The main idea of the Inception architecture is to find
out how to use dense components to approximate the optimal
local sparse nodes. There are several version of inception
model, including inception, inceptionv2 and inceptionv3. In-
ceptionV3 is the improved version of inceptionV2. Inception
V3 has made two main improvements to Inception V2. First
of all, Inception V3 optimizes the structure of the Inception
Module. Now Inception Module has more types (there are
three different structures: 35 × 35, 17 × 17 and 8 × 8).Sec-
ondly, Inception V3 also introduced the method of splitting
a larger two-dimensional convolution into two smaller one-
dimensional convolutions. For example, 7×7 convolution can
be split into 1×7 convolution and 7×l convolution. This is
called Factorization into small convolutions thought. This

asymmetric convolutional structure splitting can handle more
and richer spatial features and increase feature diversity. It
can be better than symmetrical convolutional structure split-
ting, while reducing calculation amount.There are totally
295,683 trainable parameter in the model.

Fig. 5: Model Structure for InceptionV3

5 Experiments

For testing metric, the classification report from sklearn met-
ric module is used. It contain 4 metrics including precision,
recall, F score and support. precision is tp/(tp+fp), recall is
tp/(tp+fn), F1-score is weighted harmonic mean of precision
and recall, support is the number of y true in each class.tp, fp,
fn represent true positive, false positive and false negative.
Random Forest: When it comes to the Random Forest, we
use the sklearn to do this. The max depth of the forest is set
to 9 and the random state is set to 3.
ResNet50: Before the application of the pre-trained model,
pre-processing steps are made. The preview of applying those
steps to one image is shown in Fig. 6. After that, we use pre-
trained ResNet50 in Keras to extract 2048 dimentional feature
vectors. The features are then applied to fully-connected lay-
ers to train the classifier with batch size of 32 and epochs of
10.
ViT: First, the pre-trained model ”google/vit-base-patch16-

Fig. 6: Visualization of image pre-processing steps. The im-
ages from left to right are presenting in the order of a.Original
Image b.Image Resized c.Image Denoised d.Image equalized
and autocontrasted e.Gaussian Blur f.ResNet50 Preprocess-
ing

224” is loaded. Two linear layer and a dropout layer is applied
after the ViT model for output processing. Two linear models
have input dimension 768 and 256 and output dimension 256



and 131. The optimizer is Adam with learning rate 0.0005,
loss is cross entropy loss and accuracy is the proportion of
correct predicted labels. Batch size is set to be 512 consider-
ing the computation power and train for only 3 epochs, with
133 batches each epoch.
InceptionV3: With InceptionV3 function in keras package,
we can directly use this function without implementing the
whole model from scratch. Due to the limitation of GPU re-
source, we use the pretrained parameter from ImageNet and
continue to train the model based on our fruit360 dataset.And
we have trained about 10 epochs on our dataset with the batch
size of 32.

6 Result & Discussion

The result is shown in figure 7 and table 1. Figure 7 shows
the average training accuracy of training InceptionV3 and
ResNet50 for 10 epochs, ViT for 3 epochs and random forest.
Table 1 shows the training and testing accuracy from the last
epoch and the precision and F1 score for testing data.

Fig. 7: Accuracy plot for all models.

The predictive result of random forest is lower than the other
three deep learning models. The reason for its undesirable
result is that random forest is very sensitive to the noise on the
image, which will make the model overfitting. It is also the
reason why random forest get high accuracy on the training
set and low on the test set.
Feature extraction with ResNet50 has the highest precision
and F1 score among all three models, which is both around
1.0. However, its performance on the training and validate
accuracy of the final epoch is not the highest (ranked 2nd
behind InceptionV3). Aside from the possible overfitting of
the Inception model. This shows that ResNet50 has a high
learning rate.
In the InceptionV3 model, the model can obtain pretty high

accuracy in the training dataset and validation dataset. The
structure of InceptionV3 is explainable and the deep structure
makes it catch the important prediction features fully, which

Table 1: Train, validate accuracy, test precision, F1 score

Model Train Validate precision F1 score
Accuracy Accuracy

Random Forest 94.3% – 0.763 0.76
ResNet50 99.94% 99.88% 1.00 1.00

ViT 99.7% 98.7% 0.98 0.98
InceptionV3 99.99% 99.95% 0.9364 0.94

contributes to its good performance. But when it comes to the
validation set, the accuracy is lower than the other models.
Since inceptionV3 has too many layers, in the training set, it
is likely that the model performs a little over-fitting.
ViT model shows good performance with precision and F1
score of 0.98 and 0.98 on testing set. The testing and training
accuracy is also over 98%. Only 12 out of 131 classes have
a f1-score lower than 95%. Note that this training result is
obtained within 3 epochs with the pre-trained model. The
ViT model used is already pre-trained on large dataset, which
contributes to its great performance. Self-attention layer also
allow ViT model to better retrieve information throughout the
image and thus resulting in a better prediction.

7 Conclusion

In our project, we use traditional machine learning method
(Random Forest) and deep learning methods (ResNet50, ViT
and InceptionV3) to make prediction for the vegetable and
fruits on the Fruits-360 dataset. The comparison between the
performance of the models is made to find the most suitable
model for this classification task. The result shows that every
model used in this work is capable to classify 131 different
species, where the ResNet50 model can reach the precision
of 1, which is the highest thus showing its good adaptation
in fruits and vegetable classification. We take a guess that
it is for the reason that the size of ResNet50 is suitable. On
the other hand, the InceptionV3 model performs the worst in
precision, presenting a relatively poor architecture despite its
large number of layers. What’s more, the results get from
deep learning methods are better than that from the machine
learning methods, which prove that data-driven deep learning
methods can capture the most important features of the data
to make a more accurate prediction.
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