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Abstract

A recent trend of research has been focused on generalizing/transferring the CNN features pre-trained on a large-scale
dataset (e.g., the ImageNet) to perform a new task in another domain. Though superior results have been obtained by
adapting the CNN features to another domains, how to fine-tune a deep CNN with very few training samples remains a
problem. In this paper, we propose a framework that can enrich the training examples for fine-tuning a CNN. The central
idea is to recall similar patterns from the pre-trained model and include these recalled images in re-training the network. We
conduct experiments on the Oxford 17 category and 102 category flower datasets. Experimental results show that enriching
the training data improves the performance of the fine-tuned network. Our method also demonstrates superior performance
over other state-of-the-art approaches.
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Abstract

A recent trend of research has been focused on general-
izing/transferring the CNN features pre-trained on a large-
scale dataset (e.g., the ImageNet) to perform a new task
in another domain. Though superior results have been ob-
tained by adapting the CNN features to another domains,
how to fine-tune a deep CNN with very few training sam-
ples remains a problem. In this paper, we propose a frame-
work that can enrich the training examples for fine-tuning a
CNN. The central idea is to recall similar patterns from the
pre-trained model and include these recalled images in re-
training the network. We conduct experiments on the Oxford
17 category and 102 category flower datasets. Experimen-
tal results show that enriching the training data improves
the performance of the fine-tuned network. Our method also
demonstrates superior performance over other state-of-the-
art approaches.

1. Introduction

Flower classification in the wild is a challenging task due
to the high variation of shapes, color distributions, lighting
condition, and pose deformation. What makes it more dif-
ficult in real application scenarios is that only few training
data can be collected as usual for a flower class. For ex-
ample, when one picture of flowers or two are taken by a
mobile phone, a user would like to have a flower recog-
nizer determining the flowers of the same category in the
future. Only few training examples are available, and the
foreground region of the flower is generally unknown. As
such, a powerful classifier that can be learned from domain-
specific image representations with limited training exem-
plars of the flowers becomes necessary.

Convolutional neural networks (CNNs) [23] are capable
of learning rich mid-level image representations that have
been proven to be effective for many vision recognition
tasks, such as image classification [20, 40], digit recogni-
tion [8], and pedestrian detection [34]. A recent trend of
research has centered around generalizing/transferring the
CNN features pre-trained on a large-scale dataset (e.g., the
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Figure 1: Our main idea to enrich the training data is
through associating the new stimulus to the learned knowl-
edge. During learning, the new information is integrated
with the previous experiences.

ImageNet [9]) to perform a new task in another domain
(e.g., the PASCAL VOC [11]) [7, 16, 30].

Though superior results have been obtained by adapting
the CNN features to another domains, a sufficiently large
amount of training data is still a necessity. Oquab et al. [30]
and Girshick er al. [16] used all the available training ex-
amples from the PASCAL VOC, together with multiple hy-
potheses generated for each training sample, to fine-tune a
deep CNN pre-trained on ImageNet. However, in many vi-
sual recognition domains, one may hope to train a classifier
with only a few samples; this is especially true in the flower
recognition task. How to fine-tune a deep CNN with very
few training examples thus becomes an issue for such ap-
plications.

To address this problem, we propose to enrich the train-
ing examples through recalling similar patterns from the
network and use the enriched training data to fine-tune the
CNN. This is inspired by the theory that during learning,
the new information can be assimilated or linked to the pre-
vious experiences [2] (see Figure 1). Therefore, the pre-
viously learned CNN features can be considered as knowl-
edge coming from previous experiences. When new infor-
mation comes, it is integrated with the relevant piece of the
stored information. In other words, our approach is to re-
use the patterns recalled from the network to refine the con-
nection strength between neurons in the training. More pre-
cisely, we treat those annotated samples from the target do-



main as queries to the trained CNN to retrieve relevant ex-
emplars from the large-scale datasets. To this end, we fine-
tune a deep CNN on the enriched training data, including
the annotated samples and relevant unlabeled exemplars, in
a semi-supervised manner. In sum, our method is with the
following characteristics: (1) The deep CNN can learn im-
age representations from limited training samples; and (2)
recalling similar patterns from a pre-trained CNN is a sim-
ple, yet effective, way to enrich the training data.

This paper is organized as follows: We briefly review
the related work of flower classification and deep CNN in
Section 2. We elaborate on the details of our method in
Section 3. Finally, experimental results are provided in Sec-
tion 4, followed by conclusions in Section 5.

2. Related Work
2.1. Flower Classification

Flower classification poses a unique challenge task be-
cause most flower categories have a significant visual simi-
larity, indistinguishable on color (or shape) alone. Discrim-
inating one flower from another mainly rely on a combina-
tion of different cues, such as shape, color, and texture pat-
terns. One simple way to combine features is to learn the
weights for individual cues [28]. Other methods for feature
combination include the boosting approach, the Frequent
Local Histograms (FLHs) [14], and Multiple Kernel Learn-
ing (MKL) [15]. Recently, due to the emergence of sparse
representation, the Sparse Representation-based Classifica-
tion (SRC) [36] has also been applied to flower categoriza-
tion. Yang et al. [38] proposed to use the Fisher discrimi-
nation dictionary learning (FDDL) model in learning struc-
tured dictionaries, which yields impressive performance on
flower classification.

2.2. Deep CNN

Krizhevsky et al. [20] demonstrated the outstanding per-
formance a deep CNN can achieve on performing the 1000-
class classification task in the ImageNet Large Scale Visual
Recognition Challenge (ILSVRC). This performance leap
is attributed to training a CNN to learn image representa-
tions on more than one million images. The CNN-based
image representations have also demonstrated superior per-
formance over handcrafted image descriptors including the
SIFT [25] and Fisher Vector (FV) [31].

Given that the deep CNN architectures learn powerful
rich image descriptors, transferring these CNN-based rep-
resentations to other smaller datasets has been a focus of
recent research. The strategy is to have the CNNs to learn
good representations on large scale data in either an un-
supervised [22, 26] or a supervised [7, 10, 16, 30] man-
ner. Once the CNNs have learned representations of vi-
sual features, these representations can be transferred to

another domains, with or without adapting them to repre-
sent domain-specific features. Chatfield et al. [7] empiri-
cally evaluated the performance of transferred deep repre-
sentations and showed that the fine-turned representations
yielded better performance than the nonadapted ones.

Most of the existing work on transferring the CNN rep-
resentations to other domains has focused on the visual
recognition tasks using PASCAL VOC, Caltech-101, and
Caltech-256 datasets. In the domain of flower categoriza-
tion, it still relies on the handcrafted features [14, 37, 38, 39]
till a recent work proposed by Razavian et al. [32] that used
the CNN features for the flower recognition. However, they
regarded the pre-trained CNN a feature extractor and did
not fine-tune the network for the new task. This is a main
difference between their work and ours.

2.3. Learning with Few Training Examples

The ability of learning with few examples has been
demonstrated in humans [4]. This is attributed to the ability
of synthesizing and learning new object from prior knowl-
edge. Several related works [19, 12, 27, 3] mimic this learn-
ing process, taking the advantage of knowledge from previ-
ous learned categories to learn new classification task. Li et
al. [12, 13] proposed the one-shot learning via Bayesian ap-
proach. The proposed posterior model is adapted by up-
dating the prior of one or few observations. Thorsten [19]
and Miller et al. [27] transferred the parameter from previ-
ous learned model to the new one for learning new objects.
Bart and Ullman [3] replaced the features from the learned
categories with similar features taken from the new objects.
Other works [17, 35, 41] tackle this problem using semi-
supervised learning, where the training data is expanded by
searching supplemental images from other sources (e.g., In-
ternet). The classifier is obtained by training with the aug-
mented dataset.

While a pre-trained deep CNN is approximated to a stor-
age of learned knowledge (or human brain), we can take the
advantage of deep CNN to learn new objects from few train-
ing samples. Instead of previous approaches [19, 12, 27, 3],
we fine-tune deep CNN to associate new information with
the previous learned knowledge. Unlike previous semi-
supervised methods [17, 35, 41] that require external data
sources, our method follows the self-training principle that
enriches the training samples by enhancing the relevant vi-
sual patterns recalled from the deep CNN storage.

3. Method

Figure 2 shows the workflow of our proposed method.
Our method includes three main components. The first
component is the supervised pre-training of a CNN on a
large-scale dataset. The second is enriching the training
data for the new task by recalling similar patterns from the
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Figure 2: Overview of our proposed framework for fine-tuning a deep CNN with few training samples. Our method consists
of three main components. The first component is the supervised pre-training of a CNN on the ImageNet dataset. The second
is enriching the training data for the new task by recalling similar patterns from the network. The third fine-tunes the CNN
to obtain new image representations for the new task. The final layer of the pre-trained is replaced with a new layer that

represents the labels in the new domain.

network. The third fine-tunes the CNN to obtain new image
representations for the new task.

In the first component, we use the pre-trained deep CNN
model proposed by Krizhevsky et al. [20] from Caffe CNN
library [18]. The subset of ImageNet used for training the
deep CNN contains more than 1.2 million images. In par-
allel to the CNN training purpose, we also use it as a large
database or corpus for image retrieval. Hereafter, we use I'
to denote this database.

3.1. Training Data Enrichment

Pseudo relevance feedback (PRF) has been shown to be
effective for information retrieval [5, 21, 24]. The rationale
behind PRF is that when a search for a given query is per-
formed, the top k ranked retrieved documents are relevant.
These most relevant documents can then be used to expand
the query terms in order to retrieve more relevant or similar
documents.

Our method of associating the new information from the
target domain to the knowledge learned from previous ex-
periences share similar spirits to the PRF: we “expand” the
size of training examples by including the top ranked re-
trieved images. While similar to PRF in the concept of data
expansion, our method is to integrate the new information
from the target domain with the previous experiences. It
aims at making deep CNN learn new image representations
from the expanded samples for a new task. This is differ-
ent from the PRF in information retrieval that the retrieved
documents are mainly for reformulating the original query
to improve retrieval accuracy.

Our idea to enrich the training samples for the new task
is to recall similar patterns from the pre-trained network.
For this, we consider measuring the similarity between two
images based on their signatures of layer FC7 of CNN (re-
ferred to as the CNNFC, feature). To extract the features,
we first resize an RGB image to 256 x 256 pixels. Then, we
use its mean-subtracted 227 x 227 center patch as input to
the pre-trained model. Through a forward propagation, we
obtain a d = 4, 096-dimensional feature for an image.

Given a few training images II = {I,I5,---,I,}
from the new domain. Let ¢; (¢ = 1---n) denote the d-
dimensional CNNFC- feature vectors extracted for the i-th
training images. Let p; denote the CNNFC; feature vectors
of the j-th image in the database I'. We define the level of
similarity between images I; and the j-th image of I as the
Euclidean distance between their corresponding features,

sh = llai — ;- (1)

The smaller is the Euclidean distance, the higher level is the
similarity of the two images.

For each training image I;, we select its top k ranked
images from the database I' based on the similarity lev-
els. These are called the recalled images from the corpus
T'. Both the training images in IT and the recalled images
in I' are then included in the training samples during the
fine-tuning process that will be introduced in the following.

3.2. Fine-tuning

To adapt the pre-trained model to the new task, we re-
place the final layer of the network with a new classifica-



tion layer that represents the labels in the target task. Other
layers of the CNN architecture remain unchanged. We use
the stochastic gradient descent (SGD) to train the network,
maximizing the multinomial logistic regression objective.
The learning rate is set to 0.0001 and remains unchanged
during the whole fine-tuning process.

We use the enriched training data depicted above as the
positive examples, and randomly select images, which do
not belong to any flower classes, from ImageNet as the neg-
ative samples. A mini-batch of size 128, including 32 posi-
tive and 96 negative samples, is used in each SGD iteration.

4. Experimental Results

We conduct experiments on two challenging datasets, the
Oxford 17 category and 102 category flowers data. We fo-
cus on these two datasets not only because the amount of
training data is scarce, but also because the flower recogni-
tion poses a challenging task in the real world applications.

We start with introducing the datasets and then present
our experimental results as well as comparison to other
methods for each dataset. Next, we analyze how the fine-
tuning process affects the network parameters. Finally, we
report the computational complexity of our method.

4.1. Datasets

The Oxford 17 Category Flower Dataset [28] contains 17
categories and each class consists of 80 images, resulting in
a total of 1,360 images. The dataset is split into the training
(40 images per class), validation (20 images per class), and
test (20 images per class) sets.

The Oxford 102 Category Flower Dataset [29] contains
102 categories and each class consists of 40 ~ 258 images.
This dataset contains a total of 8,189 images. Similar to
the 17 category dataset, this larger one is also split into the
training (10 images per class), validation (10 images per
class), and test (a total of 6,149 images) sets.

Although both datasets is predefined into different sets,
we use only the training and test sets; the validation one is
not included in our experiments. During the recall process
to retrieve images from ImageNet, we randomly pick n im-
ages per class from the training set. The test set is used
for performance evaluation. In both datasets, the images in
each category exhibited high variations in scale, pose, and
light. Besides, some categories are of the images with large
variations within the class. Figure 3 shows some sample
images from both datasets.

Note that while the segmentations for both datasets are
available, we use only the raw images in our experiments.
Therefore, the results obtained by our method do not rely
on precise pre-segmentations, making our approach more
suitable for practical applications.

Daisy

Rose
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-

Figure 3: Sample images from the flower datasets. The
top row are the daisy images from the 17 category flower
dataset, and the bottom the rose images from the 102 cate-
gory flower dataset.

4.2. Results on 17-Category Dataset

Recalled Images from ImageNet One of our main fea-
tures is the association of the new stimuli from the target do-
main (e.g., flower datasets) to the knowledge learned from
the previous experiences (e.g., ImageNet). This association
process aims at forming a new set of training samples in or-
der for the machine to learn to perform the new task. The
new stimulus is regarded as the query image that is used
to retrieve highly relevant images from the learned knowl-
edge base. Figure 4 shows the query images (the daisy and
sunflower) from the Oxford 17 category flower dataset and
their corresponding top 10 ranked recalled images from Im-
ageNet. As can been seen, though the query and retrieved
images are from two different domains, images from the
target domain can successfully be associated to the learned
images. Compared to using only images from the target do-
main, our association of new images to the previous learned
images can increase the size of training samples that will
help the pre-trained CNN learn new image representations
during the fine-tuning process.

Classification Performance v.s. Different Sample Sizes
Used in Fine-tuning The CNN’s ability to learn to per-
form the new task may rely on the size of training examples
from the target domain. We conduct experiments by varying
the number of samples from the target domain as well as the
number of recalled images to investigate how the CNN per-
formance changes. More specifically, we aim at answering
the following questions:

1. Can only a few samples from the target domain im-
prove the CNN performance?

2. Can the learned knowledge from previous experiences
help the CNN learn to perform the new task?

To answer the former question, we first use only 1 or
5 images per class from the target domain to fine-tune the
CNN. As shown in Figure 5 and Table 1, the classification
accuracy obtained by using 5 images per class is increased
to 92.10%, compared to a 87.25% obtained by using 1 im-
age per class, leading to a 4.85% gain on the classification



Retrieved Images from ImageNet

Figure 4: Query images from the Flowers dataset and their corresponding top 10 ranked images retrieved from ImageNet.
The first two query images are taken from the 17 category dataset; the bottom two from the 102 category one. Visually, the
query and retrieved images are similar in appearances, shapes, or both although they are from two very different domains.

accuracy. Further increasing the number of images per class
to 40 from 5, we obtain a 3.13% improvement on classifi-
cation accuracy. As expected, the CNN performance is in-
creasingly improved as the number of images per class from
the target domain increases. Note that even with only a few
training samples from the target domain used in fine-tuning,
the network can still gain a considerable amount of perfor-
mance improvement.

We further include the recalled images from ImageNet,
together with the images from the target domain, in the fine-
tuning process. In this experiment, we first use 1 or 5 im-
ages per class from the target domain as the query samples
to retrieve top k ranked images from ImageNet for each
query. The performance of CNN is shown in Figure 5.
Comparing the gray curve against the black and purple ones,
we can see that when the same number of images from the
target domain is used, performance of the CNN is increased
as more relevant images from ImageNet are included in
the fine-tuning. More precisely, adding 20 recalled images
per query sample in the fine-tuning can improve the perfor-
mance by a margin of 1.77%, 1.18%, and 1.81% compared
to their counterparts (with 1, 5, 40 images per class) where
no previous experiences are involved (see Table 1). This
suggests that the learned knowledge from previous experi-
ences can help the CNN adapt its image representations to
the new task.

Performance Comparison to Other Methods We com-
pare our method to the state-of-the-art methods, as shown in
Table 1. The existing methods aim at learning discriminant
models from several cues (e.g., HSV, HOG, color, shape,
and texture) for the classification task, based on the Multi-
ple Kernel Learning (MKL) [15], the Frequent Local His-

tograms (FLHs) [14], or the Fisher Discrimination Dictio-
nary Learning (FDDL) [38] approach. As these methods
used handcrafted or dimension-reduction features for image
classification, to investigate to what extent the pre-trained
CNN features would achieve, we use the FC7 of the pre-
trained network as visual features and train a one-vs-rest
SVM classifier for each class. This experiment involves no
fine-tuning process and is denoted by CNN-SVM in Table 1.

The CNN-SVM achieves a classification accuracy of
91.52% using 40 images per class in training. Our pro-
posed method outperforms the CNN-SVM baseline when
5 images per class are used in fine-tuning. The best ac-
curacy achieved by our method is 96.84% (with 40 train-
ing images), which is favorable against most approaches
though slightly worse than the Yang et al. [38] method.
However, note that our method attains the accuracy based
on un-segmented images, while the method in [38] assumes
that the images are well segmented. Besides, we show that
by using only few training images (e.g., one or five), the
accuracies of 89.02% and 93.28% can be achieved.

4.3. Results on 102-Category Dataset

Recalled Image from ImageNet The bottom two rows in
Figure 4 show the query images (i.e., the Balloon flower
and lotus) from the 102 category dataset and the top ranked
recalled images. Though the 102 Category dataset con-
tains more image classes and poses a more challenge task
than the 17 category one, the recall procedure is capable
of retrieving the highly relevant images. However, due to
close similarity between flower classes, some images may
be wrongly recalled, for example, the retrieved image at
rank 3 for the query image of lotus.
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Figure 5: Comparison of the classification accuracy on the
Oxford 17 category Flower dataset with respect to different
numbers of images used in the fine-tuning process. As ex-
pected, the classification accuracy increases as we increase
the numbers of images per class from the flowers dataset
used in the fine-tuning process (comparing the purple curve
to the red and green). The classification performance is fur-
ther improved when more relevant images from ImageNet
are included in fine-tuning (the gray curve).

Table 1: Performance Comparison (mAP, %) on the Oxford
17-category Flowers dataset.

Method

Accuracy (%)

Gehler and Nowozin [15] 84.40
Fernando et al. [14] 94.50
Yang et al. [38] 97.80
CNN-SVM (w/o fine-tuning) 91.52
CNN ft (1 img/cls) 87.25
CNN ft (1 img/cls + 20 rcls/img) 89.02
CNN ft (5 imgs/cls) 92.10
CNN ft (5 imgs/cls + 20 rcls/img) 93.28
CNN ft (40 imgs/cls) 95.23
CNN ft (40 imgs/cls + 20 rcls/img) 96.84

* cls, img, rcl denote class, image, and recall, respectively.

Classification Performance v.s. Different Sample Sizes
Used in Fine-tuning Figure 6 shows the classification ac-
curacy with respect to different sizes of training samples
used in fine-tuning the network. We observe that (1) in-
creasing the size of the training samples can improve the
performance of the fine-tuned model, and (2) including the
recalled images in the training samples can further improve
the performance. These observations are consistent with
those in the 17 category dataset, showing that enriching
training data is effective for fine-tuning a deep CNN with
few training examples.

Performance Comparison to Other Methods Table 2
lists the performance of other approaches and ours. Both
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Figure 6: Comparison of the classification accuracy on the
Oxford 102 category Flower dataset with respect to dif-
ferent numbers of images used in the fine-tuning process.
Higher classification accuracy can be achieved when more
training samples are available. This observation is consis-
tent with that in the smaller 17 category dataset.

Table 2: Performance Comparison (mAP, %) on the Oxford
102-category Flowers dataset.

Method

Accuracy (%)

Cai et al. [6] 80.00
Angelova and Zhu [1] 80.66
CNN-SVM (w/o fine-tuning) [32] 74.70
CNNaug-SVM (w/o fine-tuning) [32] 86.80
CNN ft (1 img/cls) 82.41
CNN ft (1 img/cls + 5 rcls/qry) 82.66
CNN ft (5 imgs/cls) 88.37
CNN ft (5 imgs/cls + 5 rcls/img) 89.36
CNN ft (10 imgs/cls) 89.00
CNN ft (10 imgs/cls + 5 rcls/img) 90.85

* cls, img, rcl denote class, image, and recall, respectively.

the CNN-SVM and CNNaug-SVM use the OverFeat [33]
features for training SVM classifiers. The main difference
is that the CNNaug-SVM applies data augmentation step
and uses 16 representations for each sample (original im-
age, 5 crops, 2 rotation and their mirrors). Our method
(only 1 image per class in fine-tuning) achieves an accuracy
of 82.41%, performing favorably against most approaches.
With fine-tuning the network on 5 images per class, our
method achieves an accuracy of 88.37% and outperforms
the other state-of-the-art methods (86.80%). Our method
can achieve a best performance of 90.85% for the 102-
classes-of-flowers problem when enriching the per-class
training images to 10 with the recalled images.

4.4. Effects of Fine-Tuning on Filters

We visualize the outputs of each layer in the pre-trained
model and the fine-tuned network to investigate the differ-
ences in response to a same input. As shown in Figure 7,
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Figure 7: Visualization of each layer’s outputs of the pre-trained model and the fine-tuned network for a given input. The
pre-trained model is the one proposed by Krizhevsky et al. [20]. The fine-tuned network is obtained by using 40 images per
class and 20 recalled images per query. The layer outputs of two networks are visually different: subtle differences in Layer
1 and more distinct differences in the subsequent layers. While the shallower layers (layer 2 to 4) of the fine-tuned one reflect
more component-level information such as petal and stamen, the deeper layer (layer 5) becomes more discriminative and
tends to capture higher level semantic information for classification.

the outputs of a same layer in two networks are visually dif-
ferent. The differences are subtle in layer 1, but become
more distinct in the subsequent layers. This indicates the
fine-tuning process may have a stronger effect on the neuron
connections in the subsequent layers than it does on the first
few layers. The fine-tuned network becomes more specific
to the flower recognition task and thus exhibits greater acti-
vation to a flower input than the pre-trained model. As can
be seen, while the shallower layers (layer 2 to 4) of the fine-
tuned one reflect more component-level information such as
petal and stamen, the deeper layer (layer 5) becomes more
discriminative and tends to capture higher level semantic
information for classification.

Although the fine-tuned network is designed specifically
for the flower recognition, it may fail to distinguish the flow-
ers whose shapes and colors are significantly similar. Fig-
ure 8 shows the correctly classified and misclassified im-
ages. The issue of misclassification may be caused due to
insufficient amount of training samples in fine-tuning.

4.5. Computational Complexity

Recalling similar patterns from the pre-trained network
takes around 3 minutes per query when all the images in
ImageNet are included in the search. Because our goal is
to retrieve highly relevant samples, taking into account only
the images with the labels under “plant” category and dis-
carding those irrelevant ones is a natural way to speed up
the search. With only around 50,000 images in the search
pool, the recall process takes a few seconds per query. In
fine-tuning, the network became stable after 100 and 300
iterations for the 17-category and 102-category datasets, re-

Correctly Classified

L3

Misclassified

Figure 8: Correctly classified test images and misclassified
ones. The top row shows images classified as Pansy; the
first two are correctly classified but the correct category of
the third is Iris. The bottom row shows images classified as
Tulip; the third is misclassified, which belongs to Daffodil.

spectively. This process takes roughly 10 to 20 minutes.
Classification takes around 0.07 seconds per image. All the
tests are performed on a machine with Geforce GTX Titan
Black GPU.

5. Conclusions

Pre-training a deep CNN on large-scale datasets to learn
rich image representations and fine-tuning the network in
the new domain has been an effective way in many recogni-
tion tasks. We present a framework to address the problem
of fine-tuning a deep CNN with few training samples. In
particular, we propose to enrich the training data by recall-
ing similar patterns from the pre-trained model. Both the



images in the new domain and the recalled images form a
new set of training samples in the fine-tuning process. Our
results on the Oxford flower datasets show that enriching
the training data can help the network learn discriminant
image descriptors in the new domain when the training data
is scarce. In future, we plan to include human in the loop
of recall process for determining the optimal set of recalled
images. With human intervention, we can guarantee better
quality of recalled images for further semi-supervision.
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