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abstract

The memory consumption of most Convolutional Neural Network (CNN) archi-
tectures grows rapidly with increasing depth of the network, which is a major
constraint for efficient network training and inference on modern GPUs with lim-
ited memory. Several studies show that the feature maps (as generated after the
convolutional layers) are the main bottleneck in this memory problem. Often,
these feature maps mimic natural photographs in the sense that their energy is
concentrated in the spectral domain.

Although embedding CNN architectures in the spectral domain is widely ex-
ploited to accelerate the training process, we demonstrate that it is also possible to
use the spectral domain to reduce the memory footprint by proposing a Spectral Do-
main Convolutional Neural Network (SpecNet) that performs both the convolution
and the activation operations in the spectral domain. SpecNet exploits a config-
urable threshold to force small values in the feature maps to zero, allowing the
feature maps to be stored sparsely. SpecNet also employs a special activation func-
tion that preserves the sparsity of the feature maps while effectively encouraging
the convergence of the network.

The SpecNet methodology can be applied to many different network architec-
tures, and we explicitly explore three state-of-the art implementations: AlexNet,
VGG, and DenseNet. The performance of SpecNet is evaluated with several differ-
ent types of experiments. First, we evaluate SpecNet on three competitive object
recognition benchmark tasks (CIFAR-10, SVHN and ImageNet) using each of the
three implementations (AlexNet, VGG and DenseNet). SpecNet is able to reduce
memory consumption by about 63% without significant loss of performance for all
tested network architectures. Second, we apply SpecNet to several medical appli-
cations including medical diagnosis and prediction. The use of deep learning for
these applications has been less thoroughly explored and is particularly challenging
as it often requires analyzing complex abnormalities on multiple slices of different
image datasets. Therefore, training on large scale medical application may require
large GPU memory. Third, object/logo detection in videos and 3D images can also



xi

be challenging due to memory limitations. Unlike object detection in 2D images,
each video contains multiple frames, and information across the frames is crucial
for analysis. We test SpecNet in several state-of-the-art detection CNNs and also
compare SpecNet to our proposed VLD algorithm.
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1 introduction

Deep convolutional neural networks have made significant progress on various
tasks in recent years [LeCun et al. (2015); Huang et al. (2017); He et al. (2016); Li
et al. (2019); Liu et al. (2019)]. Current successful deep CNNs such as ResNet
[He et al. (2016)] and DenseNet [Huang et al. (2017)] typically include over 100
layers and require large amounts of training data. Training these models becomes
computationally and memory intensive, especially when limited resources are
available [Cheng et al. (2017)]. Therefore, it is essential to reduce the memory
requirements to allow better network training and deployment, such as applying
deep CNNs to embedded systems and cell phones.

Several studies [Jain et al. (2018)] show that the intermediate layer outputs (fea-
ture maps) are primary contributors to this memory bottleneck. Existing methods
such as model compression [Wu et al. (2016); Courbariaux and Bengio (2016); Han-
son and Pratt (1989); Denton et al. (2014)] and scheduling [Pleiss et al. (2017); Chen
et al. (2016); Zhang et al. (2019)], do not directly address the storage of feature
maps. By transforming the convolutions into the spectral domain, we can reduce
the memory requirements of feature maps.

In contrast to [Jain et al. (2018)], which proposes an efficient encoded repre-
sentation of feature maps in the spatial domain, we exploit the property that the
energy of feature maps is concentrated in the spectral domain [Jain et al. (2018)].
Values that are less than a configurable threshold are forced to zero, so that the
feature maps can be stored sparsely. We call this approach the Spectral Domain
Convolutional Neural Network (SpecNet). In this new architecture, convolutional
and activation layers are implemented in the spectral domain. The outputs of
convolutional layers are equal to the multiplication of non-zero entries of the inputs
and spectral domain kernels. The activation function is designed to preserve the
sparsity and symmetry properties of the feature maps in the spectral domain, and
to also allow effective derivative computation in back propagation. It is notable that
the sparsity of kernels in their spectral representations [Rippel et al. (2015); Ayat
et al. (2019)] will use more memory. In contrast, our work is focused on designing
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a network to optimize the feature maps and kernels, which in SpecNet are stored
in spatial domain.

More specifically, this work contributes the following:

• A new CNN architecture (SpecNet) that performs convolution and activation
in the spectral domain. Feature maps are thresholded and compressed to allow
reducing model memory by only computing and saving non-zero entries.
Kernels are not stored in the spectral domain in order to avoid extra memory
consumption.

• A spectral domain activation function is applied to both the real and imaginary
parts of the input feature maps, preserving the sparsity property and ensuring
effective network convergence during training.

• Extensive experiments are conducted to show the effectiveness of SpecNet
using different architectures at multiple computer vision tasks. For example,
a SpecNet implementation of DenseNet architecture can reach up to 63%
reduction of the memory usage on the SHVN dataset without significant loss
of accuracy (95.8% testing accuracy compared with 98.2% accuracy of the
original implementation).

• We developed several CNNs for medical applications and for logo detec-
tion based on the SpecNet idea. These are evaluated by different types of
experiments, datasets and computational environments, and provide strong
evidence of the efficacy of SpecNet.

1.1 Related Work

Model Compression

Model compression can be achieved in several ways including quantization, pruning
and weight decomposition.
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With quantization, the values of filter kernels in the convolutional layers and
weight matrices in fully-connected layers are quantized into a limited number
of levels. This can decrease the computational complexity and reduce memory
cost [Wu et al. (2016); Gupta et al. (2015)]. The extreme case of quantization is
binarization [Courbariaux and Bengio (2016); Andri et al. (2018)] which uses only
±1 to represent all values of the weights, resulting in dramatic memory reduction
but risking potentially degraded performance.

Pruning and weight decomposition are other approaches to model compression.
The key idea in pruning is to remove unimportant connections. Some initial work
[Hanson and Pratt (1989)] focused on using weight decay to sparsify the connections
in neural networks while more recent work [Wen et al. (2016); Li et al. (2016)] applied
structured sparsity regularizers to the weights. Instead of selecting redundant
connections, [Changpinyo et al. (2017)] proposed a compression technique that
fixed a random connectivity pattern and required the CNN to train around it.
Weight decomposition is based on a low-rank decomposition of the weights in the
network. The SVD is an efficient method for decomposition, and has proven to be
successful in shrinking the size of the model [Denton et al. (2014)]. Other work
[Liu et al. (2015); Zhang et al. (2015)] uses PCA for rank selection. The pruning and
weight decomposition attempt to reduce the size of the model so that it is more
easily deployed in embedded systems or smart phones. Overall, the aforementioned
methods are focused on compressing weights to reduce the model size, and further
reduce the size of feature maps. In contrast, SpecNet directly reduces the memory
consumption by sparsifying the feature maps and storing them efficiently. The two
methods may be combined to save memory.

Memory Sharing

Since the ’life-time’ of feature maps (the amount of time data from a given layer
must be stored) is different in each layer, it is possible to design data reuse methods
to reduce memory consumption. [Pleiss et al. (2017)] observes the feature maps in
some layers that are responsible for most of the memory consumption are relatively



4

cheap to compute. By storing the output of the concatenation, batch normalization
and ReLU layers in shared memory, DenseNet can achieve more than 4xmemory
saving, compared to the original implementation that allocates new memory for
these layers. A more general algorithm for designing memory sharing patterns
can be found in [Chen et al. (2016)]. It can be applied to CNNs and RNNs with
sublinear memory cost compared to the original implementations. Recently, an
approach called SmartPool [Zhang et al. (2019)] has been proposed to provide an
even more fine-grained memory sharing and reduction strategy.

Representation of Feature Maps in the Spatial Domain

The above methods are not focused on compressing feature maps directly. [Jain
et al. (2018)] employed two classes of layer-specific encoding schemes to encode
and store the feature maps in the time domain, and to decode the data for back
propagation. The additional encoding and decoding process increases the compu-
tational complexity. In SpecNet, the architecture is designed for sparse storage of
feature maps in the spectral domain, which is more computationally efficient.

[Wang et al. (2017b)] proposed a method to extract intrinsic representations
of the feature maps while preserving the discriminability of the features. It can
achieve a high compression ratio, but the training process involves a pre-trained
CNN and solving an optimization problem. SpecNet does not require additional
modules in the training process and is easier to implement.

CNN in the Spectral Domain

Some pilot studies have attempted to combine Fast Fourier Transforms (FFTs) and
Wavelet transforms with CNNs [Rippel et al. (2015); Pratt et al. (2017); Mathieu et al.
(2013); Fujieda et al. (2017)]. However, most of these works aim to make the training
process faster by replacing the traditional convolution operation with the FFT and a
product of the inputs and kernel in the spectral domain [Pratt et al. (2017); Mathieu
et al. (2013)]. Wavelet CNN [Fujieda et al. (2017)] concatenates the feature maps and
multi-resolution features captured by the wavelet transform of the input images
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to improve the classification accuracy. These methods do not attempt to reduce
memory, and several (such as the Wavelet CNN) require more memory in order to
achieve optimal performance. In contrast, SpecNet uses the FFT to reduce memory
consumption and its computation complexity depends on certain input parameters.
This is quite different from most FFT-based CNN implementations.

1.2 Motivation

Although some progress has been made in achieving memory efficient CNNs, fun-
damental solutions such as optimizations on feature maps have not been extensively
investigated. Research on memory efficient CNNs, on the one hand, have demon-
strated approaches using compressed kernels, shared memory implementations,
and even specific GPUs to optimize the memory usage of the CNN. However, such
methods often apply only to specific situations and hence to particular applications
or scenarios such as low testing performance or high-demand and complex com-
putation. Thus there is no low-cost and convenient network that can be used to
control memory for both feature maps and kernel weights.

This thesis proposes an efficient and general algorithm, which relies on low-
demand computation such as the Fast Fourier transform (FFT) and the Inverse Fast
Fourier transform (IFFT) to reduce the memory cost of CNN without sacrificing
performance significantly. We call this architecture Spectral Domain Convolutional
Neural Network (SpecNet) and examine two variants on AlexNet and LeNet which
we call SpecAlex and SpecLeNet.

1.3 Organization

This thesis is organized as follows:
Chapter 2 discusses the detailed structure of SpecNet and shows by experi-

ment that computation and memory reductions can be achieved. A few candidate
concepts/algorithms that may be helpful for this problem are introduced.
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Chapter 3 develops a fully-automated deep learning-based diagnosis system,
by using CNNs to isolate the region of interest on MR images and a classification
CNN to detect/predict disease within the isolated region. The structure has been
applied to Anterior Cruciate Ligament (ACL) Tears detection and hip bone fracture
detection. The network is implemented by SpecNet and testing for each case by
this system is on the order of five seconds. The proposed system achieved high
diagnosis accuracy (96%) similar to experienced clinical radiologists in detecting
knee joint pathology. The system with SpecNet may be easily trained, and used on
a desktop in a clinical setting.

Chapter 4 develops a fully-automated deep learning network based on SpecNet
to predict the progression of radiographic knee osteoarthritis. There are currently
no methods that can accurately predict whether patients with knee osteoarthritis
will show disease progression or will not show disease progression over time. The
proposed memory efficient system achieves the highest diagnostic performance
reported in the literature for the prediction of the progression of radiographic knee
osteoarthritis using baseline clinical risk factors and deep learning analysis of knee
radiographs.

Chapter 5 develops an algorithm called Video Logo Retrieval (VLD), which is an
image-to-video retrieval algorithm based on the spatial distribution of local image
descriptors that measure the distance between the query image (the logo) and a
collection of down-sampled video images. The proposed algorithm addresses limi-
tations of global feature-based models such as convolutional neural networks as it
is flexible and does not require training after the setting of initial hyper-parameters.
Besides, Several algorithms show acceptable accuracy but require very large mem-
ory consumption, making it hard to achieve real time retrieval in low power devices.
We applying SpecNet to the features extractor of VLD and significantly reduce its
memory.

Chapter 6 discusses future work and shows a few candidate applications and
problems that will be solvable based on SpecNet.
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2 spectral domain convolutional neural network

2.1 Methods

The key idea of SpecNet rests on the observation that feature maps, like most natural
images, tend to have compact energy in the spectral domain. The compression
can be achieved by retaining non-trivial values while zeroing out small entries.
A threshold (β) can then be applied to configure the compression rate where
larger β values result in more zeros in the spectral domain feature maps. Therefore,
SpecNet represents a new design of the network architecture for convolution, tensor
compression, and activation in the spectral domain and can be applied to both
forward and backward propagation in network training and inference.

Compression in Feature Maps

Consider 2D-convolution with a stride of 1. In a standard convolutional layer, the
output is computed by

y(i, j) = x ∗ k =

M−1∑
m=0

N−1∑
n=0

x(m,n) k(i−m, j− n), (2.1)

where x is an input matrix of size (M,N); k is the kernel with dimension (Nk,Nk),
and ∗ indicates 2D convolution. The output y in the spatial domain has dimensions
(M ′,N ′), where M ′ = M +Nk − 1 and N ′ = N +Nk − 1. This process involves
O(M ′N ′N2

k) multiplications.
Convolution can be implemented more efficiently in the spectral domain as

Y = X� K, (2.2)

where X is the transformed input in the spectral domain by FFT X = F(x), and
K is the corresponding kernel in the spectral domain, K = F(k). � represents
element-by-element multiplication, which requires equal dimensions for X and



8

K. Therefore, x and k are zero-padded to match their dimensions (M ′,N ′). Since
there are various hardware optimizations for the FFT [Pratt et al. (2017)], it re-
quires O(M ′N ′ log(M ′N ′)) complex multiplications. The computational complex-
ity of (2.2) is O(M ′N ′) and so the overall complexity in the spectral domain is
O(M ′N ′ log(M ′N ′)). Depending on the size of the inputs and kernels, SpecNet
can have a computational advantage over spatial convolution in some cases [Pratt
et al. (2017)]. However, SpecNet is focused on reducing memory consumption for
applications that are primarily limited by the available memory.

The compression of Y involves a configurable thresholdβ, which forces entries in
Y with small absolute values (those less than β) to zero. This allows the thresholded
map Ŷ to be sparse and hence to store only the non-zero entries in Ŷ, thus saving
memory.

The backward propagation step requires the calculation of the error δX for the
previous layers, and the gradients ∆K for k. Let δY be the error from the next layer,
and X0, k0 be the input and kernel of the convolutional layer stored in the forward
propagation, respectively. Then

δX =∇XL|X=X0 = δY � K0

∆K =∇KL|K=F(k0) = δY � X0,
(2.3)

where L is the loss function. After obtaining its gradient in the spectral domain ∆K,
the IFFT is applied. Then the Nk ×Nk matrix for the update of k can be expressed
as

k1 = k0 + λ[F
−1(∆K)]Nk×Nk , (2.4)

where λ is the learning rate. The kernels are updated after obtaining ∆K, the
gradient in the spectral domain, by using the inverse FFT and downsampling.

Note that after the gradient update of ∆K, the kernel is further converted from
the spectral domain back into the spatial domain using the inverse FFT to save
kernel storage.

A more general case of 2D-convolution with arbitrary integer stride can be
viewed as a combination of 2D-convolution with stride of 1 and uniform down-
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sampling, which can also be implemented in the spectral domain [Pratt et al. (2017)].

Activation Function for Preserving the Symmetry Structure

In SpecNet, the activation function for the feature maps is designed to perform
directly in the spectral domain. For each complex entry in the spectral feature map,

f(a+ ib) = h(a) + ig(b) (2.5)

where
h(x) = g(x) = tanh(x) = ex − e−x

ex + e−x
. (2.6)

The tanh function is used in (2.5) as a proof-of-concept design for this study. Other
activation functions may also be used, but must fulfill the following:

1. They allow inexpensive gradient calculation.

2. Both g(x) and h(x) are monotonic nondecreasing

3. The functions are odd, i.e. g(−x) = −g(x).

The first and second rules are standard requirements for nearly all popular
activation functions used in modern CNN design. The third rule in SpecNet is
applied to preserve the conjugate symmetry structure of the spectral feature maps
so that they can be converted back into real spatial features without generating
pseudo phases. The 2D FFT is

X(p,q) = F(x) =

M+Nk−2∑
m=0

N+Nk−2∑
n=0

wpmM wqnN x(m,n)

where wM = e−2πi/(M+Nk−1), wN = e−2πi/(N+Nk−1). If x is real, i.e., the conjugate
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of x is itself (x̄ = x), and

X(M+Nk − 1 − p0,N+Nk − 1 − q0)

=

M+Nk−2∑
m=0

N+Nk−2∑
n=0

w
(M+Nk−1−p0)m
M w

(N+Nk−1−q0)n
N x(m,n)

=

M+Nk−2∑
m=0

N+Nk−2∑
n=0

w−p0m
M w−q0n

N x(m,n) (2.7)

=X(p0,q0)

Therefore, g(x) must be odd to retain the symmetry structure of the activation
layer to ensure that

f(a+ ib) = h(a) + ig(−b)

= h(a) − ig(b) = f(a+ ib). (2.8)

If the symmetry structure of δY in (2.3) is also maintained, the gradients in the
spatial domain will be real-valued after the inverse FFT in (2.4), and can be added
to k0 directly.

Let X0 be the input to the activation layer in forward propagation, and δY be the
error from the next layer. The error for the previous layer in backward propagation
can be calculated by

δX ={1 − [tanh(<(X0))]
2}�<(δY)+

i{1 − [tanh(=(X0))]
2}� =(δY). (2.9)

Implementation Details

SpecNet stores the kernels in the spatial domain as Nk ×Nk matrices. Therefore,
given the input feature maps in the spectral domain, each kernel should be up-
sampled to the size of the inputs by padding with zeros, and then transformed to
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Algorithm 1 Forward propagation of the convolutional block in SpecNet
Input: feature maps x from the last layer with size ofM×N; kernel k (Nk ×Nk);
threshold β.

1: if x in the spectral domain then
2: SetM ′ =M, N ′ = N and X = x.
3: else
4: SetM ′ =M+Nk − 1 and N ′ = N+Nk − 1.
5: end if
6: for i = 1 toM ′ do
7: for j = 1 to N ′ do
8: if X is None then
9: x̂(i, j) = x(i, j) if i 6M and j 6 N, and x̂(i, j) = 0 otherwise.

10: end if
11: k̂(i, j) = k(i, j) if i 6 Nk and j 6 Nk, and k̂(i, j) = 0 otherwise.
12: Calculate K = F(k̂) and X = F(x̂) if X is None.
13: end for
14: end for
15: Calculate Y after convolution according to (2.2).
16: Obtain Ŷ where Ŷ(i, j) = Y(i, j) if |Y(i, j)| > β, and Ŷ(i, j) = 0 otherwise.
17: Get Z = f(Ŷ) where f is defined in (2.5)
Output: The feature map in the spectral domain: Z.

the spectral domain with the FFT. The complete forward propagation of the con-
volutional block (including convolution and activation operations) in the spectral
domain is shown in Algorithm 1.

The pooling methods in SpecNet are implemented in the spatial domain after
transforming the activated frequency feature maps back into the spatial domain
using the IFFT. Since the activation function preserves conjugate symmetry, the
corresponding spatial feature maps are real valued and the same pooling operation
(max pooling or average pooling) used in standard CNNs can be used seamlessly
in SpecNet.
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Figure 2.1: Feature maps of SpecDenseNet after the first convolutional layer for
different inputs. (a) Feature maps after two different kernels in the spectral domain
with three different thresholds β. (b) Feature maps, converted from the spectral do-
main to the spatial domain by utilizing the inverse Fourier transform with different
thresholds β.

2.2 Experiments

We demonstrate the feasibility of SpecNet using three benchmark datasets: CIFAR,
SVHN and ImageNet, and by comparing the performance of SpecNet implementa-
tions of several state-of-the-art networks (AlexNet, VGG16 and DenseNet) with their
standard implementations. All the networks were trained by mini batch stochastic
gradient descent (SGD) with a batch size of 64. The initial learning rate was set to
0.0001 and was reduced by half every 50 epochs. The momentum of the optimizer
was set to 0.95 and a total of 300 epochs were trained to ensure convergence.

Datasets and Training

CIFAR-10 is a ten-class dataset of small colored natural images Krizhevsky and
Hinton (2009). In our experiment, 50,000 images were used for training and 10,000
images were used for testing. All images of CIFAR 10 were resized to 32 by 32
pixels, and each channel was normalized with respect to its mean and standard
deviation [Huang et al. (2017)].

SVHN is a dataset consisting of colored digit images with 32 by 32 pixels each
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Table 2.1: Detailed network structure for DenseNet and SpecDenseNet
DenseNet

Layers Output size Structure
Input 32×32 Input

Convolution 32×32 3×3 kernel, BN, ReLU
Pooling 16×16 MaxPool (window size 2×2)

Dense Block 16×16 1×1 kernel, BN, ReLU ×63×3 kernel, BN, ReLU

Classification Layer 1×1 GlobalAveragePool
Fully-connected, SoftMax (10 classes)

SpecDenseNet
Layers Output size Structure
Input 32×32 Input

Convolutional Block
35×35 FFT
35×35 FConv2D (3×3 kernels), Activation
32×32 IFFT

Pooling 16×16 MaxPool (window size 2×2)

Dense Block

19×19 FFT

19×19 FConv2D (64 1×1 kernels), Activation ×6FConv2D (64 3×3 kernels), Activation
16×16 IFFT

Classification Layer 1×1 GlobalAveragePool
Fully-connected, SoftMax (10 classes)

image [Netzer et al. (2011)]. The dataset contains 99289 images: 73257 images for
training and 26032 images for testing. Images were channel-normalized in mean
and standard deviation.

ImageNet is ILSVRC 2012 classification dataset which contains more than 1.2
million images for training and 50000 images for testing. We apply data augmenta-
tion for images as in [Huang et al. (2017)], and cropped the image size to 224× 224.

Results

Firstly, we empirically show the impact when two different thresholds (β = 0.5 and
β = 1.5) are applied to the feature maps. The results are shown in Fig. 2.1. Observe
that the feature maps in the spectral domain are compressed, but this does not
significantly impact the feature maps in the spatial domain.

Further, we evaluated the proposed SpecNet using three widely used CNN
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Figure 2.2: Memory consumption and testing performance of SpecNet compared
with AlexNet, VGG, and DenseNet [LeCun et al. (1995); Krizhevsky et al. (2012a,b);
Huang et al. (2017); Wang et al. (2017a)] on two datasets. To make the comparison
fair, we retain the analogous structures which we call SpecAlexNet, SpecVGG and
SpecDenseNet. (a)(b)(c) relative memory consumption and (d)(e)(f) relative error
of SpecNets tested on CIFAR-10 and SVHN.

architectures including AlexNet [Krizhevsky et al. (2012a)], VGG [Krizhevsky et al.
(2012b)] and DenseNet [Huang et al. (2017)]. We use the prefix ‘Spec’ to stand
for the SpecNet implementation of each network. To ensure fair comparisons, the
SpecNet networks used identical network hyper-parameters as the native spatial
domain implementations. The experiments also use the same conditions for image
preprocessing, parameter initialization, and optimization settings.

Architectures for DenseNet and SpecDenseNet are in Table 2.1 and the other
three networks are detailed in the supplementary material. The experimental
results on CIFAR-10 and SVHN are shown in Fig. 2.2.

Figures 2.2(a)(b) and (c)(d) compare the average memory usage and peak mem-
ory usage of the SpecNet implementations of three different networks over a range
of beta values from 0.5 to 1.5. We compute relative memory consumption and accu-
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Table 2.2: Memory consumption and testing performance of SpecNet compared
with AlexNet, VGG, and DenseNet. All values are relative values comparing
SpecNet with its implementation in spatial domain.

Top1 Val. Error (%) Top5 Val. Error (%) Peak Memory (%) Average Memory (%)
Spec-AlexNet 8.3 3.6 48.1 49.3
Spec-VGG16 7.2 2.3 42.4 46.7

Spec-DenseNet169 6.9 1.8 36.6 40.8

racy by: memory (accuracy) of SpecNet / the memory (accuracy) in the original
implementations. When compared with their original models, all SpecNet imple-
mentations of the three networks can save at least 50% memory with negligible
loss of accuracy, indicating the feasibility of compressing feature maps within the
SpecNet framework. With increasing β value, all models show reduction in both
average and peak memory usage. The rates of memory reduction are different
between different network architectures, which is likely caused by different feature
representations in the various network designs.

We also tested SpecNet for the three different networks on the ImageNet dataset
with the β value set to 1.0. As shown in Table. 2.2, both the average and the peak
memory consumption of SpecAlexNet, SpecVGG, and SpecDenseNet are less than
half of the original implementations. The peak memory usage of SpecNet is reduced
even more, which is due to the specifics of the implementation of convolution in
Tensorflow.

Figures 2.2(e)(f) compare the relative accuracy of the SpecNet implementations of
the three different networks over a range of β values from 0.5 to 1.5. While SpecNet
typically compresses the models, there is a penalty in the form of increased error
in comparison to the original model with full spatial feature maps. The average
accuracy of SpecAlexNet, SpecVGG, and SpecDenseNet can be higher than 95%
when β is smaller than 1.0. Table 2.2 shows the testing accuracy on ImageNet.
Compared with implementation in spatial domain, SpecNet has a slight decrease
in the top-1 accuracy but almost the same top-5 accuracy.

Fig. 2.3 shows the training curve of the SpecNet implementations of three dif-
ferent networks with their implementations in spatial domain. From the training
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Figure 2.3: Training curves of SpecNet comparing with AlexNet, VGG-16 and
DenseNet on CIFAR-10 dataset.

Table 2.3: Comparison of relative memory usage for different memory efficient
implementations applied to VGG and DenseNet. All the methods are tested on
CIFAR-10.

Model VGG-16 DenseNet
Memory Accuray Memory Accuracy

INPLACE-ABN [Rota BulÃ2 et al. (2018)] 0.521 0.914 0.580 0.929
Chen Meng et al. [Meng et al. (2017)] 0.656 0.921 0.553 0.932

Efficient-DenseNets [Pleiss et al. (2017)] N/A N/A 0.443 0.933
Nonuniform Quantization [Sun et al. (2016)] 0.8 0.917 0.771 0.922

LQ-Net [Zhang et al. (2018)] 0.676 0.919 0.644 0.923
HarDNet [Chao et al. (2019)] 0.463 0.921 0.442 0.933

SpecNet 0.370 0.918 0.370 0.925

curve, the SpecNet implementations converge with similar rates as the implemen-
tations in the spatial domain. Section 2.1 also showed that the computation speed
is related to the size of the inputs and kernels, and SpecNet is advantageous in
some cases. Therefore, training speed of SpecNet is comparable with the network
when implemented in the spatial domain, but with the added benefit of memory
efficiency.

Table 2.3 shows a comparison between SpecNet and other recently published
memory-efficient algorithms. The experiments investigate memory usage when
training VGG and DenseNet on the CIFAR-10 dataset. SpecNet outperformed all
the listed algorithms and resulted in the lowest memory usage while maintaining
high testing accuracy. It is notable that SpecNet is independent of the methods
listed in the table, and these techniques may be applied along with SpecNet to
further reduce memory consumption.



17

2.3 Conclusion

We have introduced a new CNN architecture called SpecNet, which performs both
the convolution and activation operations in the spectral domain. We evaluated
SpecNet on two competitive object recognition benchmarks, and demonstrated
the performance with three state-of-the-art algorithms to show the efficacy and
efficiency of memory reduction. In some cases, SpecNet can reduce memory con-
sumption by 63% without significant loss of performance. It is also notable that
SpecNet is only focused on the sparse storage of feature maps. In the future,
it should be possible to merge other methods, such as model compression and
scheduling, with SpecNet to further improve memory usage.
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3 fully automated diagnosis of anterior cruciate
ligament tears on knee mr images by using specnet

3.1 Introduction

Deep learning has been successfully used for various medical imaging applications
including image reconstruction [Liu (2018); Richardson and Petscavage (2011); Zhu
et al. (2018)], tissue and lesion segmentation [Liu et al. (2017); Norman et al. (2018);
Zhou et al. (2018)], and disease detection and characterization [Liu et al. (2018);
Lakhani and Sundaram (2017); De Fauw et al. (2018); Bien et al. (2018); Arevalo et al.
(2016)]. The use of deep learning for disease detection would be especially important
for clinical radiologists as it could maximize diagnostic performance while reducing
subjectivity and errors due to distraction and fatigue. Most prior work on the use of
deep learning for disease detection has focused on identifying abnormalities such
as masses on breast mammograms [Arevalo et al. (2016); Kooi et al. (2017)], lung
nodules, opacities, and cardiomegaly on chest radiographs [Lakhani and Sundaram
(2017); Ciompi et al. (2015)], and lung nodules and interstitial lung disease on chest
computed tomography [Ciompi et al. (2015); Anthimopoulos et al. (2016)].

However, applications of deep learning to disease detection on magnetic res-
onance imaging (MRI) is particularly challenging as it often requires analyzing
complex abnormalities on multiple slices of different image datasets [Liu et al.
(2018); Pedoia et al. (2018); Bien et al. (2018)]. MRI data is usually much larger than
natural image data, and so applying CNNs to MRI requires increased memory,
often beyond what is available in modern GPUs. Previous work includes attempts
to solve this by simplifying the network structure [Wen et al. (2016); Li et al. (2016)]
and by model compression [Wu et al. (2016); Courbariaux and Bengio (2016); Han-
son and Pratt (1989); Denton et al. (2014)]. However, these methods often sacrifice
accuracy, may not satisfy the requirements for medical implementation.

Anterior cruciate ligament (ACL) tears are a common sports-related muscu-
loskeletal injury [Gianotti et al. (2009)]. Detecting an ACL tear relies on evaluating
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an obliquely oriented structure on multiple image slices with different tissue con-
trasts using a combination of MRI features including fiber discontinuity, changes
in contour, and signal abnormality within the injured ligament [Lee et al. (1988)].
Investigation of the ability of a deep learning approach to detect an ACL tear would
be useful to determine whether deep learning could aid in the diagnosis of complex
musculoskeletal abnormalities on MRI. We have developed a novel fully-automated
system for detecting an ACL tear utilizing two deep convolutional neural networks
(CNN) to isolate the ACL on MR images followed by a classification CNN to detect
structural abnormalities within the isolated ligament. The networks are imple-
mented by our SpecNet platform which makes its training very memory efficient.
This study was performed to investigate the feasibility of using the deep learning-
based approach to detect a full-thickness ACL tear within the knee joint on MRI
using arthroscopy as the reference standard. This study provides a good example
of the application of SpecNet to the solution of a newly developed network.

3.2 Methods

Fully-Automated ACL Tear Detection System

The proposed deep learning-based ACL tear detection system consisted of three
separate CNNs. The first CNN selected the image slices that contained the ACL
from the entire MR image dataset. The second CNN isolated the region of the inter-
condylar notch that contained the ACL on the selected image slices to narrow the
range of information used for subsequent image recognition. The third classifica-
tion CNN evaluated the isolated ACL on the selected image slices to determine the
presence or absence of an ACL tear. The three CNNs were connected in a cascaded
fashion to create a fully-automated processing pipeline as shown in Figure 3.1. The
processing pipeline framework was implemented by SpecNet platform and make it
possible to train on our hardware. The computing environment involves Python
(version 3.7, Python Software Foundation, Wilmington, DE) and Matlab (version
2018a, MathWorks, Natick, MA). The CNNs were coded using TensorFlow (version
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1.12, Google, Mountain View, CA).
The first slice selection CNN was adapted from LeNet-5, which was originally

proposed for natural image analysis [LeCun et al. (2015)] but recently used for many
medical imaging applications [Malon and Cosatto (2013); Sarraf et al. (2016)]. The
CNN, shown in the top of Figure 3.1, had two sets of convolutional layers, which
were followed by two fully-connected layers and then a SoftMax classifier. The
CNN was modified to allow an input image size of 448 Ã— 448 with the images
normalized to a range of 0 and 1 with respect to the maximum MRI signal. Two
output classes were defined, one class for image slices that contained the ACL and
the other for image slices that did not contain the ACL.

The second ligament isolation CNN was adapted from You Only Look Once
(YOLO), which has demonstrated top performance in many image object detection
challenges [Redmon et al. (2016); Huang et al. (2017)]. The CNN, shown in the
middle of Figure 3.1, had 24 convolutional layers followed by two fully connected
layers. The convolutional layers were used to extract useful image features from
the selected image slices that contained the ACL. The fully connected layers then
used the extracted image features to predict the coordinates of a rectangle box
that defined the region of the intercondylar notch that contained the ACL. The
cropped images of the pre-defined rectangle box that contained the ACL on the
selected image slices were downsized to 112 × 112 and used as input images to the
classification CNN.

The classification CNN was adapted from Densely Connected Convolutional
Networks (DenseNet) [Huang et al. (2017)], which has demonstrated top perfor-
mance for image recognition in the Large Scale Visualize Recognition Challenge
(LSVRC) image dataset [Simonyan and Zisserman (2014); Russakovsky et al. (2015)].
The CNN, shown in the bottom of Figure 3.1, contained three dense blocks, each
of which was connected by a convolutional layer and a maxpooling layer. Dense
connectivity was applied to enable efficient information sharing across the layers,
which substantially reduced the network parameters needed for high throughput
training. For the output, a final probability score for the presence or absence of an
ACL tear on the cropped images that contained the ACL was obtained from a global
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Figure 3.1: Illustration of the CNN architecture for the deep learning-based ACL
tear detection system. The proposed method consisted of three separate CNNs
connected in a cascaded fashion to create a fully automated image processing
pipeline.
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average pooling (GAP) layer which followed the dense blocks. The classification
result was computed by the mean of the classification probability of an ACL tear on
all image slices that contained the ACL. The GAP layer was further modified using
a gradient back-propagation method [Zhou et al. (2016)] to calculate a diagnosis
probability map matching the input image size, which showed the pixel-by-pixel
probability of the presence of an ACL tear. To compare with other popular CNNs
used in previous image classification applications [Liu et al. (2018); Lakhani and
Sundaram (2017)], two additional classification CNNs adapted from the commonly
used image recognition networks Very Deep Convolutional Networks for Large-
Scale Image Recognition (VGG16) [Simonyan and Zisserman (2014)] and AlexNet
[Krizhevsky et al. (2012a)] were also evaluated and compared with the proposed
CNN adapted from DenseNet.

MR Image Datasets

The retrospective study was performed in compliance with the Health Insurance
Portability and Accountability Act (HIPAA) regulations, with approval from our
Institutional Review Board, and with a waiver of informed consent. MR image
datasets were obtained from 175 subjects with a surgically confirmed ACL tear
(98 men and 77 women with an average age of 27.5 years and with an age range
between 16 years and 47 years) and 175 subjects with a surgically confirmed intact
ACL (100 men and 75 women with an average age of 39.4 years and with an age
range between 17 years and 51 years). All subjects underwent an MRI examination
of the knee and subsequent arthroscopic knee surgery at our institution between
December 15, 2010 and October 15, 2017.

All MRI examinations were performed on the same 3T scanner (Signa Excite
HDx, GE Healthcare, Waukesha, WI) using an 8-channel phased-array extremity
coil (Invivo, Orlando, FL) and consisted of a standard axial fat-suppressed T2-
weighted fast spin-echo sequence, standard sagittal proton density-weighted and
fat-suppressed T2-weighted fast spin-echo sequences, and standard coronal pro-
ton density-weighted and fat-suppressed proton density-weighted fast spin-echo
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sequences. Subjects with and without an ACL tear were selected by a fellowship
trained musculoskeletal radiologists with 15 years of clinical experience using a
medical record achieving system (Hyperspace, Epic, Verona, WI). The radiologist
reviewed the schedule of arthroscopic knee surgeries performed at our institution
and determined whether the subject undergoing arthroscopy had an MRI examina-
tion of the same knee performed on the same 3T scanner within four months prior
to surgery.

3.3 Training and Evaluation of the ACL Tear
Detection System

Training and evaluation of the ACL tear detection system were performed on a
desktop computer running a 64-bit Linux operating system (Ubuntu 16.04) with an
Intel Core i7-7700K CPU with 32 GB DDR4 RAM and two Nvidia GeForce GTX 1080
graphic cards (Nvidia driver 384.130) with 2560 CUDA cores and 8GB GDDR5 RAM
. Training of the system was performed for each CNN individually as described
in the Appendix. However, once the training was completed for all three CNNs,
the ACL tear detection system operated as a fully-automated end-to-end network.
To train the slice selection CNN and ligament isolation CNN, a fellowship-trained
musculoskeletal radiologist with 15 years of clinical experience manually identified
the MR image slices that contained the ACL and then manually outlined the region
of the intercondylar notch that contained the ACL on the selected MR image slices.
However, once the training was completed, the ACL tear detection system provided
fully automated isolation of the ACL on all MR image slices to be used as inputs
into the classification CNN.

Training the slice selection CNN was performed using the sagittal proton density-
weighted and fat-suppressed T2-weighted fast spin-echo images acquired during
the MRI examination. The reference standard for training the slice selection CNN
was manual identification of the MR image slices that contained the ACL per-
formed by a fellowship-trained musculoskeletal radiologist with 15 years of clinical
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experience. The radiologist evaluated the sagittal proton density-weighted and
fat-suppressed T2-weighted fast spin-echo images side-by-side using customized
software developed in MATLAB (version 2016a, MathWorks, Natick, MA) and
provided a label for each MR image slice with the following values: 0=slice that
contained the ACL and 1=slice that did not contain the ACL. This resulted in 832
slices that contained the ACL from a total of 12258 slices in the training dataset, 199
slices that contained the ACL from a total of 2986 slices in the validation dataset,
and 449 slices that contained the ACL from a total of 6381 slices in the hold-out
test dataset. To increase training efficiency, image augmentation was performed
using random geometrical operations including image translation, rotation, and
flipping [Krizhevsky et al. (2012a)]. A dropout technique with a dropout rate of
20% between convolutional layers was also applied to reduce training overfitting
[Hinton et al. (2012)]. The sagittal proton density-weighted and fat-suppressed
T2-weighted fast spin-echo images in DICOM format were resized to 448Ã—448
matrix size, normalized between 0 and 1 with respect to the maximum MRI signal,
and convert to TFRecord file format, Tensorflow’s binary storage format. The net-
work was trained at a batch size of 16 images using multi-class cross-entropy loss
[Long et al. (2014)] and was updated using Stochastic Gradient Descent [Bottou
(2010)] at a fixed learning rate of 0.01 and momentum of 0.9 for a total of 20 epochs
of the training data.

Training the ligament isolation CNN was performed using the selected sagittal
proton density-weighted and fat-suppressed T2-weighted fast spin-echo image
slices from the slice detection CNN. The reference standard for training the ACL
isolation CNN was manual outline of the region of the intercondylar notch that
contained the ACL performed by a fellowship-trained musculoskeletal radiologist
with 15 years of clinical experience. The radiologist evaluated the selected sagittal
proton density-weighted and fat-suppressed T2-weighted fast spin-echo image
slices using the same customized software and placed a rectangle box around the
ACL. The x-y coordinate information of the top-left and bottom-right corners of the
rectangle box was labeled and used for network training. The CNN was trained to
automatically output the coordinate information of the rectangular box outlining the
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region of the intercondylar notch that contained the ACL. An automated cropping
process was performed to extract the image patches that contained the isolated
ACL for use as input images into the classification CNN. To address the challenge
for training the large YOLO network, the weights of the network were initialized by
the pre-trained model of ImageNet [Russakovsky et al. (2015)] and retrained using
our dataset. The network was trained at a batch size of 16 images using multi-parts
loss [Redmon et al. (2016)] and was updated using an adaptive gradient-based
optimization algorithm [Kingma and Ba (2014)] with an initial learning rate of 0.001
for a total of 100 epochs in the training data.

Training the classification CNN was performed using the cropped sagittal proton
density-weighted and fat-suppressed T2-weighted fast spin-echo image patches
that contained the ACL from the ligament isolation CNN. The reference standard
for training the classification CNN was the presence or absence of an ACL tear at
arthroscopic knee surgery. A label was provided for each extracted image patch that
contained the isolated ACL on each selected sagittal proton density-weighted and
fat-suppressed T2-weighted fast spin-echo image slices with the following values:
0=ACL torn and 1=ACL intact. This resulted in 401 image patches with an ACL tear
from a total of 832 slices in the training dataset, 99 image patches with an ACL tear
from a total of 199 slices in the validation dataset, and 216 image patches containing
an ACL tear from a total of 449 slices in the hold-out test subjects. To increase the
training efficiency for DenseNet, the weights of the network were initialized by
the pre-trained model of ImageNet [Huang et al. (2017)] and then retrained on our
dataset using a memory efficient training strategy Pleiss et al. (2017). The network
was trained at a batch size of 32 image patches and was updated using an adaptive
gradient-based optimization algorithm [Kingma and Ba (2014)] with an initial
learning rate of 0.001 for a total of 170 epochs in the training data. The classification
CNNs adapted from DenseNet, VGG16, and AlexNet were individually trained
and evaluated.
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3.4 Evaluation of Clinical Radiologists

To compare the diagnostic performance of the ACL tear detection system with
clinical radiologists, a fellowship-trained musculoskeletal radiologist with 13 years
of clinical experience, musculoskeletal radiology fellow, second year radiology
resident, third year radiology resident, and fourth year radiology resident inde-
pendently reviewed the MRI examinations of all 100 subjects in the hold-out test
dataset using a Picture Archiving and Communication System (PACS) work-station
(McKesson Corporation, San Francisco, CA). The clinical radiologists, who were
blinded to the findings of the arthroscopic knee surgeries, used all five sequences
in the MRI examination together to determine the presence or absence of an ACL
tear. The radiologists received no formal training or calibration session prior to
reviewing the MRI examinations.

3.5 Statistical Analysis

Statistical analysis was performed using MATLAB (version 2013a, MathWorks,
Natick, MA) and MedCalc (version 14.8; MedCalc Software, Ostend, Belgium) with
statistically significance defined as a p-value less than 0.05. Contingency tables
and sensitivity and specificity for determining the presence or absence of an ACL
tear using arthroscopy as the reference standard for the hold-out test dataset were
determined for the musculoskeletal radiologist, musculoskeletal radiology fellow,
radiology residents, proposed ACL tear detection system with the classification
CNN adapted from DenseNet, and alternative ACL tear detection systems with the
classification CNNs adapted from VGG16 and AlexNet. Receiver operating char-
acteristic (ROC) analysis was used to further evaluate the diagnostic performance
of the proposed and alternative ACL tear detection systems with area under the
curves (AUCs) compared using a nonparametric approach [DeLong et al. (1988)].
The Youden index was used to determine the optimal sensitivity and specificity
of the proposed and alternative ACL tear detection systems [Fluss et al. (2005)].
Two-sided exact binomial tests were used to calculate 95% confidence intervals
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for the sensitivity and specificity of the proposed and alternative ACL tear detec-
tion systems and the clinical radiologists and for the AUCs of the proposed and
alternative ACL tear detection systems. Statistically significant differences between
the sensitivity and specificity of the proposed ACL tear detection system and the
clinical radiologists was defined as the sensitivity and specificity point estimates of
the clinical radiologists located outside the 95% confidence intervals of the AUC
for the machine [De Fauw et al. (2018)].

3.6 Results

Figure 3.2: Images in a 28-year-old man with a surgically confirmed ACL tear for
which the ACL tear detection system interpreted as the presence of an ACL tear.
(A) Cropped sagittal proton density weighted fast spin-echo image and (B) cropped
sagittal fat-suppressed T2-weighted fast spin-echo image of the knee analyzed by
the classification CNN show disruption of fibers and increased signal within the
ACL (arrows). (C) Probability map for the proton density weighted fast spin-echo
image and (D) probability map for the sagittal fat-suppressed T2-weighted fast
spin-echo image show the high probability areas in the ligament on which the
machine based its interpretation of an ACL tear (arrows).

The training times for the slice selection, ligament isolation, and classification
CNNs were 0.82 hours, 5.11 hours, and 5.70 hours respectively in the training
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Figure 3.3: Images in a 26-year-old man with a surgically confirmed anterior cruciate
ligament (ACL) tear that the ACL tear detection system interpreted as present. (a)
Cropped sagittal proton densityâŁ“weighted fast spin-echo MR image and (b)
cropped sagittal fat-suppressed T2-weighted fast spin-echo MR image of the knee
analyzed by the classification convolutional neural network show disruption of
fibers and increased signal within the ACL (arrow). (c) Probability map for the
proton densityâŁ“weighted fast spin-echo image and (d) probability map for the
sagittal fat-suppressed T2-weighted fast spin-echo image show the high-probability
areas in the ligament on which the machine based its interpretation of an ACL tear
(arrows).

datasets. However, the average time for the ACL tear detection system to provide
an interpretation of the presence or absence of an ACL tear for one subject was only
9 seconds using the trained networks.

Table 3.1 compares the sensitivity, specificity, and AUC for determining the
presence or absence of a surgically confirmed ACL tear for the proposed ACL tear
detection system with the classification CNN adapted from DenseNet and the
alternative ACL tear detection systems with the classification CNNs adapted from
VGG16 and AlexNet. All classification CNNs performed well with point estimates
of the sensitivity and specificity ranging between 0.89 and 0.96 and between 0.88 and
0.96 respectively and AUC ranging between 0.90 and 0.98. However, the proposed
ACL tear detection system with the classification CNN adapted from DenseNet
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Table 3.1: Sensitivity, specificity, and AUC for the proposed ACL tear detection
system with the classification CNN adapted from DenseNet and the alternative
ACL tear detection systems with the classification CNNs adapted from VGG16, and
AlexNet for determining the presence or absence of an ACL tear on the hold-out
test dataset.

CNN Sensitivity Specificity AUC
(95% CI) (95% CI) (95% CI)

DenseNet 0.96 0.96 0.98
(0.89 to 1) (0.86 to 1) (0.93 to 1)

VGG16 0.92 0.92 0.95
(0.82 to 0.98) (0.82 to 0.98) (0.90 to 0.99)

AlexNet 0.89 0.88 0.9
(0.76 to 0.96) (0.76 to 0.96) (0.83 to 0.96)

Table 3.2: Sensitivity and specificity for the musculoskeletal radiologist, muscu-
loskeletal radiology fellow, radiology residents, and proposed ACL tear detection
system for determining the presence or absence of an ACL tear on the hold-out test
dataset.

Sensitivity Specificity AUC
(95% CI) (95% CI) (95% CI)

Radiologist 0.98 0.98 0.98
(0.82 to 1) (0.88 to 1) (0.95 to 1)

Fellow 0.96 0.98 0.98
(0.84 to 1) (0.88 to 1) (0.95 to 1)

Resident 1 0.96 0.9 0.97
(0.78 to 0.96) (0.76 to 0.96) (0.94 to 1)

Resident 2 0.98 0.98 0.93
(0.86 to 1) (0.88 to 1) (0.88 to 0.98)

Resident 3 0.98 0.98 0.97
(0.88 to 1) (0.88 to 1) (0.94 to 1)

Machine 0.96 0.96 0.98
(0.89 to 1) (0.86 to 1) (0.93 to 1)

had the highest overall diagnostic performance for detecting an ACL tear.
Tables 3.2 shows the contingency tables and sensitivity and specificity respec-

tively for the musculoskeletal radiologist, musculoskeletal radiology fellow, ra-
diology residents, and proposed ACL tear detection system for determining the
presence or absence of a surgically confirmed ACL tear. The point estimates of the
sensitivity and specificity of the proposed ACL tear detection system at the opti-
mal threshold of the Youden index was 0.96 and 0.96 respectively. In comparison,
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Figure 3.4: Twenty-year-old year old male with a surgically confirmed ACL tear for
which the ACL tear detection system interpreted as an intact ACL. (A) Cropped
sagittal proton density weighted fast spin-echo image and (B) cropped sagittal
fat-suppressed T2-weighted fast spin-echo image of the knee analyzed by the
classification CNN show fiber disruption and increased signal within the torn ACL
(arrows).

the point estimates of the sensitivity of the clinical radiologists ranged between
0.96 and 0.98, while the point estimates of the specificity ranged between 0.90 and
0.98. In particular, the point estimates of both the sensitivity and specificity of
the fellowship-trained musculoskeletal radiologist was 0.98. The proposed ACL
tear detection system could create dense probability maps which showed the pixel-
by-pixel probability of the presence of an ACL tear (Figures 3.3 and 3.3). For all
100 subjects in the hold-out test dataset, the machine had only two false negative
interpretations of the absence of an ACL tear (Figure 3.4) and two false positive
interpretations of the presence of an ACL tear (Figures 3.5).

Figure 3.6 shows the ROC curve describing the diagnostic performance of the
proposed ACL tear detection system for determining the presence and absence of a
surgically confirmed ACL tear. The AUC for the ACL tear detection system was 0.98
(95% CI of 0.93 to 1.000, p<0.001). For comparison, the point estimates representing
the sensitivity and specificity of the musculoskeletal radiologist, musculoskeletal
radiology fellows, and radiology residents for determining the presence and absence
of an ACL tear were plotted on the figure and were in close proximity to the
ROC curve of the ACL tear detection system. All sensitivity and specificity point
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Figure 3.5: Twenty-one-year-old male with a surgically confirmed intact ACL for
which the ACL tear detection system interpreted as an ACL tear. (A) Cropped
sagittal proton density-weighted fast spin-echo image and (B) cropped sagittal
fat-suppressed T2-weighted fast spin-echo image of the knee analyzed by the
classification CNN show continuous fibers and normal signal within the intact ACL
(arrows). (C) Probability map for the proton density weighted fast spin-echo image
and (D) probability map for the sagittal fat-suppressed T2-weighted fast spin-echo
image show the high probability areas in the ligament on which the machine based
its interpretation of an ACL tear (arrows).
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Figure 3.6: ROC curves describing the diagnostic performance of the proposed
ACL tear detection system for determining the presence and absence of a surgically
confirmed ACL tear. The AUC of the machine was 0.98, indicating high overall
diagnostic accuracy. Sensitivity and specificity for the musculoskeletal radiologist,
musculoskeletal radiology fellow, radiology residents, and machine at the optimal
threshold of the Youden index are also plotted. Note that the sensitivity and
specificity of the clinical radiologists are in close proximity to the ROC curve of the
ACL tear detection system.

estimates of the clinical radiologists were located inside the 95% confidence intervals
of the AUC for the proposed ACL tear detection system, indicating no statistically
significant differences in diagnostic performance between the clinical radiologists
and machine.

3.7 Conclusion

Our study has demonstrated the feasibility of using a deep learning-based approach
to detect a full-thickness ACL tear within the knee joint on MRI using arthroscopy as
the reference standard. This works also shows the feasibility of using SpecNet to de-
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velop deep learning methods for MRI. By using memory efficient network, the ACL
tear detection system still achieved high diagnostic performance for determining
the presence or absence of an ACL tear with an AUC of 0.96.
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4 deep learning risk assessment models for predicting
progression of radiographic medial joint space loss

4.1 Introduction

Osteoarthritis (OA) is one of the most prevalent and disabling chronic diseases in
the United States and worldwide [Felson and Zhang (1998); Felson (2004)]. The knee
is the joint most commonly affected by OA [Bedson et al. (2005); Peat et al. (2001)].
Identifying individuals at high risk for knee OA incidence and progression would
provide a window of opportunity for disease modification during the earliest
stages of the disease process when interventions such as weight loss, physical
activity, and range of motion and strengthening exercises are likely to be most
effective [Felson and Hodgson (2014)]. Identifying individuals at high risk for
OA progression would also be useful for selecting the best subjects for inclusion
in clinical trials investigating new disease modifying drugs [Karsdal et al. (2016);
Hunter (2009)]. Clinical drug trials currently require large numbers of subjects and
long follow-up periods due to the inherently different rates of disease progression
in individuals with knee OA [Cicuttini et al. (2004); Wluka et al. (2002); Hanna et al.
(2005); Raynauld et al. (2005); Gandy et al. (2002); Wirth et al. (2009)]. However,
exclusive selection of subjects at high risk for knee OA progression for inclusion in
clinical trials could reduce study size and duration, decrease the required financial
resources, and potentially increase the likelihood of successful development of new
disease modifying drugs [Karsdal et al. (2016); Hunter (2009)].

There is an important need to create OA risk assessment models for widespread
use in clinical practice and clinical drug trials. However, current models, which
have primarily used clinical and radiographic risk factors including age, gender,
race, body mass index (BMI), history of knee injury, and Kellgren-Lawrence (KL)
radiographic grade, have shown only moderate success for predicting the incidence
[Yoo et al. (2016); Lazzarini et al. (2017); Kerkhof et al. (2014); Zhang et al. (2011)] and
progression [Halilaj et al. (2018); LaValley et al. (2017)] of knee OA. Incorporation
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of semi-quantitative and quantitative measures of knee joint pathology on baseline
X-rays [Woloszynski et al. (2012); Janvier et al. (2017); Kraus et al. (2009); Janvier
et al. (2017) and magnetic resonance (MR) images Joseph et al. (2018)] has improved
the diagnostic performance of OA risk assessment models. However, the time and
expertise needed to acquire these imaging parameters would make it impossible to
incorporate them into widespread, cost-effective OA risk assessment models. Thus,
new and improved strategies are needed to create comprehensive risk assessment
models for the incidence and progression of knee OA.

Deep learning (DL) is an advanced artificial intelligence method which uses
multiple levels of representation obtained by composing simple nonlinear modules
that each transform the representation at one level into a representation at a higher
and more abstract level [LeCun et al. (2015); Liu et al. (2019); Guan et al. (2019);
Liu (2019)]. With the combination of enough such transformations, very complex
features can be learned [Suzuki (2017)]. DL has tremendous potential for creating
OA risk assessment models by providing a new rapid and fully-automated method
to extract useful prognostic information from imaging studies. DL could potentially
learn a representative subset of features on baseline imaging studies associated
with the incidence and progression of knee OA. However, due to memory limita-
tions, large scale DL models for OA predictions is challenging. Several previous
attempts to apply machine learning models do not achieve significant diagnostic
performance.

Our study was performed using a SpecNet architecture to develop and evaluate
DL risk assessment models for predicting the progression of radiographic medial
joint space loss using baseline knee X-rays. We hypothesize that DL models would
have higher diagnostic performance for predicting the progression of radiographic
joint space loss than traditional models using demographic and radiographic risk
factors.
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4.2 Methods

Eligible Study Participants

Eligible study participants were selected from the Osteoarthritis Initiative (OAI)
database, a multi-center study which collected longitudinal clinical and imaging
data over a nine-year follow-up period in 4796 subjects between the ages of 45 and
75 years with or at high risk for knee OA [Lester (2008)]. Study participants were
selected from both the incidence cohort of subjects without radiographic knee OA
but with knee pain and risk factors for OA incidence and the progression cohort
of subjects with radiographic knee OA and risk factors for OA progression. The
OAI was approved by the Committee on Human Research and the Internal Review
Boards at University of California at San Francisco and at each individual clinical
recruitment site.

Eligible study participants had the following clinical and imaging data publicly
available in the OAI database: 1) age, gender, race, BMI, and history of knee injury
(defined according to a question on the standardized OAI questionnaire as a non-
specific acute injury preventing weight bearing for at least two days) at baseline, 2)
KL grade of knee OA [Smith et al. (1957)] provided by central reading at baseline,
3) anatomic axis alignment (tibiofemoral angle) measurements [Felson et al. (2009)]
provided by central reading at baseline, and 4) minimum medial joint space width
measurements [Neumann et al. (2009)] provided by central reading at baseline and
48-month follow-up. KL grade, tibiofemoral angle, and minimum medial joint
space width measurements were obtained from bilateral standing posterior-anterior
knee X-rays acquired using standardized technique with a SynaFlexor fixed-flexion
positioner [Kothari et al. (2004)]. There were 2301 subjects with 4602 knees with
the above-mentioned clinical and imaging data available in the OAI database. One-
hundred fifty-five knees in 154 subjects had a KL grade of 4 at baseline and were
excluded as their minimum medial joint space width measurements would be
expected to be 0mm at baseline. Thus, there was 2300 subjects with 4447 knees in
the OAI database eligible to participate in our study.
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Outcome Measure for the OA Risk Assessment Models

The outcome measure for the OA risk assessment models was a definitive pro-
gression of medial joint space loss on longitudinal bilateral standing posterior-
anterior knee X-rays between baseline and 48-month follow-up measured using
semi-automated software. The software determined the minimum joint space
width across the medial compartment of the knee joint [Neumann et al. (2009)].
Definitive progression of radiographic joint space loss was defined according to the
National Institute of Health OA Biomarkers Consortium Project as a greater than
or equal to 0.7mm decrease in minimum medial joint space width measurements
obtained between baseline and 48-month follow-up. This cutoff was based on the
mean and standard deviation of one year changes in minimum medial joint space
width measurements on bilateral standing posterior-anterior X-rays in 90 knees in
the OAI reference control cohort with a KL grade of 0 and WOMAC pain score of 0
at both baseline and 24-month follow-up.

OA Risk Assessment Models

Traditional Risk Assessment Models

Traditional risk assessment models were developed using five alternative approaches
including Random forest [Huang et al. (2016)], logistic regression [Yuan and Ghosh
(2008)], and three different artificial neural networks (ANNs) [Lazzarini et al. (2017);
Yoo et al. (2016); Kerkhof et al. (2014); Joseph et al. (2018); Amato et al. (2013); Hafezi-
Nejad et al. (2017)]. Random forest is an ensemble-learning model that creates
a multitude of decision trees during training with the output being the mode of
the classifications of the individual trees. Logistic regression is a multivariable
method for modeling binary classification that uses a logistic function to analyze
the input to provide a confidence score between 0 and 1 for the output. The first
ANN model (ANN), illustrated in Figure 4.1, had an identical architecture as an
ANN that showed high diagnostic performance for creating OA risk assessment
models in previous studies and consisted of four layers including an input layer,
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Figure 4.1: Illustration of the architecture of the traditional ANN risk assessment
model for predicting the progression of radiographic joint space loss. The ANN had
four layers including an input layer with seven demographic and radiographic risk
factors, two hidden layers with 64 and 32 hidden nodes, and an output layer with
two nodes providing a confidence value between 0 and 1 indicating the likelihood
for progression of radiographic joint space loss.

two hidden layers with 64 and 32 hidden nodes, and an output layer [Amato et al.
(2013); Hafezi-Nejad et al. (2017)]. The second ANN model (ANN 2) consisted
of four layers including an input layer, two hidden layers with 85 and 25 hidden
nodes, and an output layer [Doi (2005)]. The third ANN model (ANN 3) consisted
of five layers including an input layer, three hidden layers with 20, 26 and 18 hidden
nodes, and an output layer [Amato et al. (2013)]. For all ANN models, the softmax
output layer was used to compress the information [Amato et al. (2013)] and provide
a confidence value between 0 and 1 indicating the likelihood for progression of
radiographic joint space loss. The input of the risk assessment models consisted of
seven demographic and radiographic risk factors including baseline age, gender,
race, BMI, history of knee injury, KL grade, and tibiofemoral angle [Hunter (2009);
Silverwood et al. (2015); Bastick et al. (2015); Blagojevic et al. (2010)]. The risk factors
that were continuous variables were normalized by means and standard deviations
[Rajpurkar et al. (2017)]. No pre-processing of categorical variables was performed.
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DL Risk Assessment Model

The DL risk assessment model consisted of two separate deep convolutional neural
networks (CNNs) connected in a cascaded fashion to create a fully-automated pro-
cessing pipeline. The first joint cropping CNN was used to crop regions of interest
around each individual knee joint on the baseline bilateral standing posterior-
anterior knee X-rays to narrow the range of information utilized for DL analysis.
The second classification CNN evaluated the cropped images of the knee joint
to determine the likelihood for progression of radiographic joint space loss. The
detailed structure of the joint cropping and classification CNNs are described in
Supplemental Table 1. The processing pipeline framework was implemented in a
hybrid computing environment involving Python (version 2.7, Python Software
Foundation, Wilmington, DE) and MATLAB (version 2018a, MathWorks, Natick,
MA). The CNNs were coded using TensorFlow (version 1.08, Google, Mountain
View, CA).

The first fully-automated joint cropping CNN was adapted from You Only Look
Once (YOLO) [Redmon et al. (2016)], which consisted of 24 convolutional layers
followed by two fully connected layers. The input of the CNN was the baseline knee
X-rays in DICOM format, which were resized to 448×448 matrix size, normalized by
the means and standard deviations of images in the ImageNet training dataset [Liu
et al. (2019); Redmon et al. (2016)], and converted to NumPy arrays in Python. The
convolutional layers and fully connected layers were used to extract image features
to provide the coordinates of two square boxes that defined the regions of each
individual knee joint on the X-rays. The pre-defined square boxes were doubled in
area to correct for potential errors in the localization process and superimposed
over the original DICOM X-ray images with full matrix size. Cropped images were
then obtained containing each individual knee joint, which were downsized to
224× 224 matrix size and used as the input to the classification CNN.

The second classification CNN was adapted from Densely Connected Convolu-
tional Networks (DenseNet) [Huang et al. (2017)], which consisted of three dense
blocks with each block connected by a convolutional layer and a maxpooling layer.
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A global average pooling (GAP) layer followed the dense blocks. The SoftMax
output layer with two nodes was used to compress the information 38 and provide
a confidence value between 0 and 1 indicating the likelihood for progression of
radiographic joint space loss. The GAP layer was modified using a gradient back-
propagation method to calculate saliency maps matching the input image size that
showed the regions of discriminative high activation on the X-ray on which the
classification CNN based its interpretation [Zhou et al. (2016)].

Combined Traditional and DL Risk Assessment Models

Combined traditional and DL risk assessment models were developed using two
different approaches. In the first approach, a simple logistic regression model was
used to provide a final confidence value between 0 and 1 indicating the likelihood
for progression of radiographic joint space loss based on the individual confidence
values generated by the best traditional model and the DL model [Yuan and Ghosh
(2008)]. The logistic regression model provided a final confidence value for the
progression of radiographic joint space loss (h(x)) based on the two inputs:

h(x) =
1

1 + e( −W × X)
(4.1)

where X = [XT ,XDL] was a vector of the confidence values of traditional model (XT )
and DL model (DL), andW was a vector of the parameters of the logistic regression
model.

In the second approach, a joint training model was used to take into account
the demographic and radiographic risk factors and the DL analysis of baseline
knee X-rays as individual inputs. The combined model was developed using YOLO
[Redmon et al. (2016)] and DenseNet [Huang et al. (2017); Guan et al. (2019)] to
extract DL information as a feature vector, which was further concatenated with
the information extracted from demographic and radiographic risk factor data. The
joint training model contained three components: a feature extractor of DL analysis
of baseline knee X-rays, a feature extractor of demographic and radiographic risk
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factor data, and a fully connected network to combine the information. The feature
extractor of DL analysis of baseline knee X-rays had the same architecture as the
DL risk assessment model. The feature extractor of demographic and radiographic
risk factor data was a two layer fully-connected network. The risk factor data was
normalized by means and standard deviations and used as the input into a seven-
dimensional fully connected layer. The output of the feature extractor of the DL
analysis and the feature extractor of the risk factor data were combined as a new
vector and then used as the input into another fully-connected network for joint
model training. The CNNs and fully-connected layers were connected in a cascaded
fashion to create a fully-automated processing pipeline as shown in Figure 4.2.

Model Training and Evaluation

Training and evaluation of the OA risk assessment models was performed on a
desktop computer running a 64-bit Linux operating system (Ubuntu 16.04) with
an Intel i7 7700k quad-core CPU with 32 GB DDR3 RAM and two Nvidia GTX
1080-Ti graphic cards with 3584 CUDA cores and 11GB GDDR5X RAM. A detailed
description of the training and evaluation methods used for each model is provided
in the Supplemental Material.

A total of 1950 knees of the 4447 knees from the 2300 subjects in the OAI database
eligible to participate in our study were randomly selected for model training and
evaluation, with the number chosen based upon limitations in computational
efficiency and capacity. Knees with and without progression of radiographic joint
space loss were randomly stratified into three non-overlapping datasets for training,
validation, and hold-out testing. The randomization process was performed using
a random data generator in TensorFlow (version 1.12, Google, Mountain View, CA).
The training dataset consisted of 1400 knees (735 knees without and 665 knees
with progression of radiographic joint space loss), which was used to iteratively
optimize model parameters. The validation dataset consisted of 150 knees (76 knees
without and 74 knees with progression of radiographic joint space loss), which was
used to select the most optimal model during the training process. The hold-out
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Figure 4.2: Illustration of the architecture of the combined joint training model for
predicting the progression of radiographic joint space loss. The proposed model
consisted of two separate convolutional neural networks connected in a cascaded
fashion to create a fully-automated pipeline. The combined joint training model
was created using YOLO and DenseNet to extract DL information from baseline
knee X-rays as a feature vector, which was further concatenated with the normalized
demographic and radiographic risk factor data vector. BN: batch normalization,
Conv2D: 2D convolution, ReLU: rectified linear activation, 2D: two-dimensional.
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testing dataset consisted of 400 knees (200 subjects without and 200 subjects with
progression of radiographic joint space loss), which was used for final evaluation of
the optimal model to avoid training over-fitting and to ensure that learned features
could be generalized to new datasets. Since the outcome measure for the OA risk
assessment models was the progression of medial joint space loss, the baseline
X-rays of all knees with a KL grade of 3 were reviewed by a fellowship-trained
musculoskeletal radiologist with 17 years of clinical experience to ensure that only
knees with joint space loss more advanced in the medial than lateral compartment
were included. The distribution of demographic and radiographic risk factors for
knees in the training, validation, and hold-out testing datasets is provided in the
Supplemental Material.

Statistical Analysis

Statistical analysis was performed using MATLAB (version 2019a, MathWorks,
Natick, MA) and MedCalc (version 14.8; MedCalc Software, Ostend, Belgium).
All analyzed data consisted of statistically independent observations. Statistical
significance was defined as a p-value less than 0.05.

Receiver operator characteristic (ROC) analysis with areas under the curves
(AUCs) was used to determine the diagnostic performance of the traditional risk
assessment models, DL model, combined logistic regression model, and combined
joint training model for predicting the progression of radiographic joint space
loss for knees in the hold-out testing dataset. Two-sided exact binomial tests were
used to calculate 95% confidence intervals. Sensitivity and specificity were also
determined for the best traditional model, DL model, combined logistic regression
model, and combined joint training model [Liu et al. (2019); Zhou et al. (2016)].
The Youden index was used to determine optimal model sensitivity and specificity.
AUCs of the best traditional risk assessment model, DL model, combined logistic
regression model, and combined joint training model were compared using a
nonparametric approach [Liu et al. (2017)].
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Table 4.1: Distribution of baseline KL grades for all knees, knees without progres-
sion of radiographic joint space loss, and knees with progression of radiographic
joint space loss in the training dataset and hold-out testing dataset.

Knees in Training Dataset

KL Grade
All Knees Knees Without Knees With
(N=1400) Progression Progression

(N=735) (N=665)
0 581 435 146
1 218 115 103
2 338 95 243
3 263 90 173

Knees in Validation Dataset

KL Grade
All Knees Knees Without Knees With
(N=150) Progression Progression

(N=76) (N=74)
0 63 45 18
1 19 10 9
2 38 10 28
3 30 11 19

Knees in Hold-Out Testing Dataset

KL Grade
All Knees

Knees Without Progression (N=200)
Knees With

(N=150) Progression
(N=200)

0 170 126 44
1 46 24 22
2 102 26 76
3 82 24 58

4.3 Results

Table 4.1 compares the distribution of baseline KL grades in knees without and with
progression of radiographic joint space loss in both the training and testing datasets.
The distribution of baseline KL grades for knees without and with progression of
radiographic joint space loss was similar for the training and testing datasets. For
both datasets, there were more knees without progression of radiographic joint
space loss that had a baseline KL grade of 0 and more knees with progression of
radiographic joint space loss that had baseline KL grades of 2 and 3.
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Figure 4.3: Receiver operating characteristic (ROC) curves showing the diagnostic
performance of the OA risk assessment models for predicting the progression of
radiographic joint space loss for knees with all baseline KL grades in the hold-out
testing dataset.

The ANN model was the traditional OA risk assessment model that showed
the highest diagnostic performance. The AUCs for predicting the progression of
radiographic joint space loss for all knees were 0.660 (95% confidence interval of
0.620 and 0.714) for the ANN model, 0.590 (95% confidence interval of 0.540 and
0.639) for the Random forest model, and 0.572 (95% confidence interval of 0.522
and 0.621) for the logistic regression model.

Table 4.2 shows the sensitivity, specificity, and AUCs for the OA risk assessment
models for predicting the progression of radiographic joint space loss in knees in
the hold-out testing dataset with the ROC curves shown in Figures 4.3 and 4.4. The
traditional ANN models had the lowest diagnostic performance with an AUC of
0.660 (61.5% sensitivity and 64.0% specificity) for all knees, 0.639 (64.9% sensitivity
and 68.0% specificity) for KL grade 0 and 1 knees, and 0.681 (64.9% sensitivity and
68.0% specificity) for KL grades 2 and 3 knees. The combined joint training model
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Figure 4.4: Receiver operating characteristic (ROC) curves showing the diagnostic
performance of the OA risk assessment models for predicting the progression of
radiographic joint space loss for knees in the hold-out testing dataset (a) without
radiographic OA (baseline KL grades of 0 and 1) and (b) with radiographic OA
(baseline KL grades of 2 and 3).

had the highest diagnostic performance with an AUC of 0.863 (80.5% sensitivity
and specificity) for all knees, 0.882 (90.4% sensitivity and 71.3% specificity) for KL
grades 0 and 1 knees, and 0.857 (79.9% sensitivity and 84.1% specificity) for KL
grades 2 and 3 knees. Figure 4.5 shows saliency maps for baseline knee X-rays
without and with progression of radiographic joint loss evaluated by the combined
joint training model. The discriminative high activation regions on the X-rays on
which the classification CNN based its interpretation were centered on the joint
space and surrounding bone.

DL analysis of baseline knee X-rays improved the diagnostic performance for
predicting the progression of radiographic joint space loss when compared to
traditional ANN models using demographic and radiographic risk factors. The
DL models, combined logistic regression models, and combined joint training
models had significantly higher AUCs than the traditional ANN models for all
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Table 4.2: Sensitivity, specificity, and AUCs for the OA risk assessment models for
predicting the progression of radiographic joint space loss in knees in the hold-out
testing dataset.

All Knees with Baseline KL Grades 0,1, 2, and 3
(50.0% of Knees with Progression of Radiographic Joint Space Loss)

Models Sensitivity Specificity AUC
(95% CI) (95% CI) (95% CI)

Traditional ANN Model 61.50% 64.00% 0.66
(54.4% - 68.3%) (56.9% - 70.6%) (0.611 - 0.706)

DL Model 78.00% 75.50% 0.799
(71.6% - 83.5%) (68.9% - 81.3%) (0.756 to 0.837)

Combined Logistic 76.50% 76.50% 0.823
Regression Model (70.0% - 82.2%) (70.0% - 82.2%) (0.781 to 0.859)
Combined Joint 80.50% 80.50% 0.863
Training Model (74.3% - 85.8%) (74.3% - 85.8%) (0.825 to 0.895)

Knees with Baseline KL Grades 0 and 1
(30.6% of Knees with Progression of Radiographic Joint Space Loss)

Models Sensitivity Specificity AUC

Traditional ANN Model 64.90% 68.00% 0.639
(56.2 - 73.0) (53.3% - 80.5%) (0.572 to 0.704)

DL Model 80.30% 73.30% 0.787
(68.7% - 89.1%) (65.5% - 80.2%) (0.726 to 0.840)

Combined Logistic 78.80% 70.70% 0.824
Regression Model (67.0% - 87.9%) (62.7% - 77.8%) (0.767 to 0.873)
Combined Joint 90.40% 71.30% 0.882
Training Model (83.2% - 97.5%) (63.4% - 78.4%) (0.831 to 0.922)

Knees with Baseline KL Grades of 2 and 3
(72.8% of Knees with Progression of Radiographic Joint Space Loss)

Models Sensitivity Specificity AUC

Traditional ANN Model 64.90% 68.00% 0.681
(56.2% - 73.0%) (53.3% - 80.5%) (0.608 to 0.748)

DL Model 76.10% 84.00% 0.822
(68.0% - 83.1%) (70.9% - 92.8%) (0.759 to 0.875)

Combined Logistic 91.00% 64.10% 0.833
Regression Model (84.9% - 95.3%) (49.2% - 77.1%) (0.771 to 0.884)
Combined Joint 79.90% 84.10% 0.857
Training Model (72.1% - 86.3%) (70.9% - 92.8%) (0.798 to 0.904)
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Figure 4.5: Saliency maps for baseline knee X-rays in the hold-out testing group (a)
without progression of radiographic joint space loss and (b) with progression of
radiographic joint loss evaluated by the combined joint training model. Note that
the discriminative high activation regions on the X-rays on which the classification
CNN based its interpretation were centered on the joint space and surrounding
bone (color regions).

knees (p<0.001), KL grades 0 and 1 knees (p<0.001), and KL grades 2 and 3 knees
(p=0.010-0.001). The combined joint training models had significantly higher AUCs
than the DL models for all knees (p=0.015) and KL grades 0 and 1 knees (p=0.006)
but not for KL grades 2 and 3 knees (p=0.170). There were no significant differences
in AUCs between the combined logistic regression models and the DL models
(p=0.415-0.469) or between the combined logistic regression models and combined
joint training models (p=0.183-0.531).
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4.4 Discussion

In our study, DL models were found to have significantly higher (p<0.001) diagnostic
performance for predicting the progression of radiographic joint space loss when
compared to traditional models using demographic and radiographic risk factors.
The combined joint training model had the highest overall diagnostic performance
with an AUC of 0.863 for predicting the progression of radiographic joint space
loss for all knees. The diagnostic performance of the combined joint training model
compares favorably to other risk assessment models for knee OA reported in the
literature, which have had AUCs ranging between 0.70 to 0.82 for predicting OA
incidence [Yoo et al. (2016); Lazzarini et al. (2017); Kerkhof et al. (2014); Zhang et al.
(2011); Janvier et al. (2017); Joseph et al. (2018); DeLong et al. (1988)] and between
0.71 and 0.79 for predicting OA progression [Lazzarini et al. (2017); LaValley et al.
(2017); Woloszynski et al. (2012); Janvier et al. (2017); Kraus et al. (2009)].

The combined joint training model had an AUC of 0.857 for predicting the
progression of radiographic joint space loss for KL grade 2 and 3 knees in our
study, which was significantly higher (p<0.001) than the AUC of 0.681 for the
traditional model. Previous studies have also shown the benefits of analyzing
baseline imaging studies in risk assessment models for predicting the progression
of knee OA. LaValley et al showed that incorporating quantitative tibial subchondral
bone mineral density measures on baseline dual-energy X-ray absorptiometry
(DEXA) could significantly increase (p<0.05) the AUC of a traditional OA risk
assessment model from 0.65 to 0.73 [LaValley et al. (2017)]. Studies by Janvier et al
21 and Kraus et al 22 found that incorporating quantitative subchondral tibial bone
texture measures on baseline knee X-rays could significantly increase (p<0.05) the
AUC of traditional OA risk assessment model. In these studies, the AUCs for the
traditional models ranged between 0.57 and 0.71, while the AUCs of the models
combining demographic and radiographic risk factors with subchondral tibial bone
texture measures ranged between 0.77 and 0.79.

The combined joint training model had an AUC of 0.882 for predicting the
progression of radiographic joint space loss for KL grade 0 and 1 knees in our study,
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which was significantly higher (p<0.001) than the AUC of 0.639 for the traditional
model. Previous studies have also shown the benefits of analyzing baseline imaging
studies in risk assessment models for predicting the incidence of knee OA. Janvier et
al showed that incorporating quantitative subchondral tibial bone texture measures
on baseline knee X-rays significantly increased (p<0.05) the AUC of a traditional
OA risk assessment model from 0.57 to 0.73 [Janvier et al. (2017)]. Joseph et al
found that incorporating semi-quantitative measures of meniscal tear and cartilage
lesions and quantitative measures of cartilage T2 relaxation time on baseline MR
images significantly increased (p<0.05) the AUC of a traditional OA risk assessment
models from 0.67 to 0.73 [Joseph et al. (2018)]. Unlike these previous studies, our
study did not define the incidence of knee OA as the development of definitive
osteophytes on knee X-rays. However, a study by Ratzlaff et al showed that the
mean decrease in minimum medial joint space width in knees that transitioned
from a KL grade of 0 or 1 at baseline to a KL grade of 2 at follow-up ranged between
0.18mm and 0.28mm [Riddle et al. (2016)]. Thus, it is highly likely that most KL 0
and 1 knees in our study, which showed a 0.7mm or greater decrease in minimum
medial joint space width over time, also demonstrated the formation of definitive
osteophytes on knee X-rays. Even if this was not the case, there is still a benefit of
using knees without radiographic OA to investigate the importance of risk factors
for OA progression to avoid collider bias [Ratzlaff et al. (2018)].

Previous studies have clearly shown the benefits of incorporating quantitative
and semi-quantitative measures of knee joint pathology on baseline imaging studies
in OA risk assessment models [LaValley et al. (2017); Janvier et al. (2017); Kraus et al.
(2009); Janvier et al. (2017); Joseph et al. (2018)]. However, obtaining quantitative pa-
rameters typically requires segmenting joint structures, identifying specific features
that warrant investigation based on a priori knowledge, and then extracting the
features from the image datasets. Obtaining semi-quantitative parameters requires
assessment of each individual structural feature on the imaging studies using a
categorical based scoring system. Acquiring quantitative and semi-quantitative
imaging parameters are time consuming and reader dependent and thus would
be difficult to incorporate into widespread, cost-effective OA risk assessment mod-
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els. One distinct advantage of the DL models developed in our study is that they
can automatically learn a representative subset of features on baseline imaging
studies associated with OA incidence and progression. The fully automated DL
models could be widely applied in clinical practice and clinical drug trials to rapidly
predict the progression of radiographic joint space loss using readily obtainable
demographic and radiographic risk factors and baseline knee X-rays.

The architecture of the DL models provided high diagnostic performance for
predicting the progression of radiographic joint space loss despite using a relatively
small training dataset. The DenseNet classification CNN used in our study provides
deeper connectivity than other neural networks, which allows direct propagation of
information throughout different network layers and thereby reduces the number
of parameters needed to create prediction models [Redmon et al. (2016)]. DenseNet
also allows the creation of saliency maps that can be used to determine whether the
regions of high activation on which the classification CNN based its interpretation
are located in reasonable areas of the X-ray such as along the joint space or in regions
of osteophyte formation. The weights of DenseNet in our study were also initialized
by the pre-trained model of ImageNet [Ratzlaff et al. (2018)] to increase training
efficiency. Finally, combined joint training was used to maximize the diagnostic
performance of the DL models. Combined joint training allows the models to
extract and analyze the demographic and radiographic risk factors and the DL
analysis of baseline knee X-rays together to achieve the most optimal prediction
performance. The same joint training approach could be used in future studies to
further improve diagnostic performance by incorporating DL analysis of baseline
MR images in risk assessment models for the incidence and progression of knee
OA.

Our study has several limitations. One limitation was the absence of healthy
knees from the OAI reference control cohort without pain or risk factors for OA
in the training and testing datasets. . Another limitation was that the diagnostic
performance of the OA risk assessment models was only evaluated using a hold-out
testing dataset in the OAI database. Furthermore, the OA risk assessment models
were only developed and evaluated for predicting the progression of radiographic
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joint space loss in the medial compartment over a 48-month follow-up period.
Another limitation of our study was the use of only 1950 knees in the OAI database
for model training and evaluation due to limitations in computational efficiency and
capacity. A final limitation was that the DL models could provide no mechanistic
information regarding the factors responsible for the progression of radiographic
joint space loss.

In conclusion, our study has demonstrated the feasibility of using DL risk
assessment models for predicting the progression of radiographic joint space loss
using baseline knee X-rays. DL models were found to have significantly higher
(p<0.001) diagnostic performance for predicting the progression of radiographic
joint space loss when compared to traditional models using demographic and
radiographic risk factors. However, further validation of the DL risk assessment
models is needed using different subject populations. Future work is also needed
to develop more comprehensive risk assessment models incorporating DL analysis
of baseline MR images for predicting the incidence and progression of knee OA.
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5 video logo retrieval based on local features

5.1 Introduction

Algorithms such as Chen et al. (2018); Joly and Buisson (2009); Revaud et al. (2012);
Liao et al. (2017); Arandjelović and Zisserman (2012); Yue-Hei Ng et al. (2015);
Tolias et al. (2016); Noh et al. (2017) that can retrieve, detect, or localize a target logo
in a video stream [Revaud et al. (2012)] have applications in automatic annotation,
dissemination impact evaluation, and suspicious logo detection [Joly and Buisson
(2009); Zheng et al. (2017)]. Though several works [Chen et al. (2018); Iandola
et al. (2015)] show good performance for logo retrieval, their accuracy in broadcast
videos may not be acceptable for large scale commercial adoption [Joly and Buisson
(2009); Revaud et al. (2012)]. Logos typically occupy only a small proportion of the
frame, which can lead to failure of popular global signature-based methods such
as SIFT+VLAD [Jégou et al. (2010)], SIFT+FV [Perronnin et al. (2010)] and CNNs
[Zheng et al. (2017)]. Techniques for local descriptor matching are able to locate
locally similar images, but suffer from a high false positive rate when used with
highly semantic video frames [Liao et al. (2017)]. Logo targets are often updated
frequently and so there may be inadequate training data for the application of
logo recognition or detection algorithms. Many image retrieval studies are well
adapted for image–to–image searching, but lack systematic estimation for image–to–
video retrieval. However, image–to–video retrieval, especially convolutional based
methods, usually cost more memory consumption. It is also more computational
expensive and very hard to achieve real time retrieval. Therefore, an algorithm
with high accuracy, memory efficiency, fast search speed, significant robustness,
and modest data requirements is needed for wide adoption.

This paper proposes the VLR algorithm for Logo Retrieval outlined in Fig. 5.1.
VLR contains three stages: segmentation, matching, and refinement. The process
begins by down-sampling the video stream and segmenting it into regions that
can be interpreted as corresponding to different camera angles or different scenes
where objects can be assumed to move continuously. The matching stage analyzes
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individual frames and compares to each of the target images using local feature
descriptor matching, resulting in the matching matrix. The refinement stage then
performs a cross analysis of all video images in the scene and exploits the continuity
of information over time. In order to reduce memory consumption of CNN for
image to video retrieval, we apply SpecNet to all convolutional based methods in
our experiments.

Figure 5.1: The VLR algorithm consists of three stages: video segmentation, match-
ing, and refinement. Local features are transformed by using (5.1) to generate an
adjacency vector that splits the original video into scenes. Eq. (5.3)-(5.4) are used
to match target logos with videos. The refinement stage smooths the results and
maintains continuity.

5.2 Related Work

Content-based Image Retrieval (CBIR) usually includes both hand-crafted descriptor-
based approaches and deep learning approaches [Zheng et al. (2017)]. Before 2012,
Bag-of-Words (BoW) models with hand-crafted features were predominant for
image retrieval, including descriptors such as SIFT, SURF and their variants [Lowe
(2004); Bay et al. (2006); Ke et al. (2004); Arandjelović and Zisserman (2012)]. These
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BoW models compute statistics of the descriptors and encode images in a compact
feature vector. Other BoW-like methods include VLAD [Jégou et al. (2010)] and
FisherVector [Perronnin et al. (2010)], which show better performance in some
applications.

With the rapid development of convolutional neural networks [Chen et al.
(2018)], deep learning approaches have come to dominate [Noh et al. (2017); Liao
et al. (2017)]. The performance of the deep learning methods has been improved
with the appearance of strong backbone models such as Resnet [He et al. (2016)].
One promising method is DELF [Noh et al. (2017)], which designs an attention layer
to extract and select the semantic local features from images, and which shows good
performance compared with hand crafted descriptors. Recently, there are some
interesting works focusing on logo detection in videos [Liao et al. (2017); Iandola
et al. (2015)]. Unlike retrieval algorithms, these methods adopt deep features in an
object detection fashion.

5.3 Video Logo Retrieval via VLR

The VLR algorithm consists of the three stages outlined in Fig. 5.1. Suppose
the input is a source video with n frames, and that there are m target images of
dimension (Ht,Wt). The goal is to locate these target images in the input video.

Segmentation

Videos typically contain many scenes that have little correlation. The video segmen-
tation stage of VLR is used to segment the video into scenes that can be analyzed
individually. Video segmentation contains two steps as shown in Fig. 5.1: firstly,
to increase the computational efficiency, each frame is converted to grayscale and
down-sampled. Let X̄i be the down-sampled ith frame. Next, compute local fea-
tures and match between all consecutive pairs: X̄i and X̄i+1. This measure of
similarity can be formalized by counting the number of detected local feature
matching points divided by the total number of local feature matching keypoints.
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Accordingly, let

p(X̄i, X̄i+1) =
# of matching points
total # of keypoints

. (5.1)

Each term (5.1) lies between 0 and 1, and can be interpreted as a probability of two
successive frames belonging to the same video scene. These are concatenated into
the adjacency vector:

W =
(
p(X̄1, X̄2),p(X̄2, X̄3), . . . ,p(X̄n−1, X̄n)

)
= (w1,w2, ...,wn−1) , (5.2)

which represents the successive similarities over time. Each element ofW computes
the match between neighboring frames. Fig. 5.2 shows an example, where (a) is
the matching between two frames and (b) is the probability distribution between
those neighboring frames. If a scene change or camera cut occurred, the number of
matching keypoints between two consecutive frame will decrease. The Page-Lorden
CUSUM algorithm [Hawkins and Wu (2014)] is used to detect change points in the
video and to split the video frames into a collection of scenes. The following stages
analyze each scene separately.

Matching

The matching stage uses SIFT or other comparable local feature sets to compute a
matching matrix. Some examples of matches between targets and video images
are shown in Fig. 5.3. Intuitively, targets with the most matching points will be
desirable candidates. Let the number of keypoints in the target j be N(Tj) and the
number of matching points between Tj and the source video image i (i.e., Xi) be
N(Tj,Xi). As in Eq. (5.1), the empirical probability of Tj given Xi is

p(Xi, Tj) =
N(Tj,Xi)
N(Tj)

. (5.3)

In Fig. 5.2(c), though p(Xi, Tj) is high, it is obviously not a good matching result.
Additional factors are needed.



57

Suppose the image sequence within a given scene has h images: X1,X2, . . . ,Xh.
Partition each target image into P vertical chunks: s = 1, ...,P. If the target is of size
L× K, VLR divides the target images into P chunks of size L×K

P
. We establish a set

Figure 5.2: (a) shows the matching points between two neighboring images. (b)
shows the matching score as a function of time. The images are divided into
different segments by using Page-Lorden CUSUM algorithm [Hawkins and Wu
(2014)]

of ground values by matching SIFT keypoints between the targets with themselves,
which is shown in Fig. 5.2. Let Mk(Tj) be the number of self-matching points in
chunk k. The self-matching probability for Tj in the kth chunk is

pk(Tj, Tj) =
Mk(Tj)

N(Tj,Xi)
. (5.4)

Since each keypoint is also a matching point for the self-matching situation,

p(Tj, Tj) =
∑
k

pk(Xi, Tj) = 1, (5.5)

which suggests that p(Tj, Tj) can be interpreted as a matching probability distribu-
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tion. This can be used as a reference when comparing the target images to other
video source images.

The matching between the individual video images and the target images is
again conducted using (5.4). So we can similarly use pk(Xi, Tj) to describe the
keypoints matching between the target images (with P chunks) and the video
images. Since not all keypoints can be matched,

p(xi, Tj) =
∑
k

pk((xi, Tj)) 6 1, (5.6)

where p(xi, Tj) is the probability of Tj with Xi. Comparing with the self-matching
distribution, the correlation between these two distributions will determine if the
video image contains the target. More precisely, if the correlation is weak, the target
image Tj is unlikely to be in the image frame Xi even we find some matching points.
The Kullback–Leibler (KL) divergence of the distributions is used to describe the
correlation

DKL(Xi, Tj) =
∑
k

pk(Xi, Tj) log pk(Xi, Tj)
pk(Tj, Tj)

. (5.7)

Define the matching matrix A between the video image Xi and the target image Tj
as

Ai,j = [p(Xi, Tj),DKL(Xi, Tj)]. (5.8)

Then VLR uses k-means clustering to pick highly distinctive matching scores from
matching matrixA. If the score of both p(Xi, Tj) andDKL(Xi, Tj) are high, the image
is said to contain the target image.

Refinement

The refinement stage conducts a cross analysis of adjacent video images to deter-
mine which target images are presented. Within a single continuous scene, it is
expected that targets will generally persist for a significant number of frames; it is
unreasonable for a target to appear, disappear, and re-appear in a short time. Thus
the raw matching result should be smoothed by this assumed continuity over time.
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Figure 5.3: (a) shows a matching of a target image with itself. (b) shows a matching
between a target image and a video frame. (c) shows an incorrect matching between
a target image and a video frame despite many matching points (all the matching
points are concentrated).

Assume that a sequence of video images Xi lie in a scene. We develop two
parameters to smooth the estimation scores and improve the matching result: the
minimum stand time ts and the maximum lost time tl. This cross analysis process
is illustrated in Fig. 5.4.
The Minimum Standing Time ts. If a target image appears as a candidate match
for a time less than ts, it is rejected. On the other hand, if the target image persists
for a time greater than ts, it is accepted.
The Maximum Lost Time tl. Suppose a candidate match Tj is present but absent
for time from i to i+ t, If the interval t is less than tl, then it is presumed that this
absence is due to noise or other transient issues and it should be considered present
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for the complete time.

Figure 5.4: A sketch of two conditions in the refinement stage. (a) is the matching
result for two different targets in a list of video frames. The time interval of targets
has a sudden change. The cross analysis refines the matching result in (b).

5.4 Experiments

This section demonstrates the feasibility of VLR using two benchmark datasets. We
test VLR on two different local feature extractors (SIFT, DELF) and compare the
performance with several state-of-the-art algorithms: a CNN based global features
algorithm (ResNet-101) [He et al. (2016)], SIFT [Lowe (2004)], DELF [Noh et al.
(2017)], logo recognition algorithm [Iandola et al. (2015)], and a BoW-like algorithm
(VLAD) [Jégou et al. (2010)].

Dataset and implementation details

SoccerNet is a dataset of soccer games from the European Championships with 3
seasons from 2014 to 2017. Each game consists of two untrimmed videos [Giancola
et al. (2018)]. Our experiment randomly selects 45 UEFA Champions League (UEFA)
games (15 from each season). We down-sample one frame a second from the source
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Table 5.1: Comparison of proposed techniques against state-of-the-art algorithms
on SoccerNet dataset in three different seasons.

Model SoccerNet (mAP)
2014-2015 2015-2016 2016-2017

ResNet101-GeM [He et al. (2016)] 67.5 65.2 73.6
SIFT [Lowe (2004)] 69.5 65.3 75.2

VLAD [Jégou et al. (2010)] 70.6 66.4 72.8
DELF [Noh et al. (2017)] 74.4 71.3 78.1

Deeplogo [Iandola et al. (2015)] 78.9 72.3 73.8
Logo Proposals [Qi et al. (2017)] 69.8 68.2 73.7

One-Shot Network [Bhunia et al. (2019)] 71.2 70.4 71.6
VLR (SIFT) 73.2 79.8 78.9

VLR (DELF) 80.6 80.7 83.5

video images, testing a total of 248,400 images with resolution of 1920×1080 pixels.
Since the sponsors of UEFA vary for different years, we use seven advertisements
sponsored each year from 2014 to 2017 as the targets.

Stanford I2V is a video database consisting of newscast videos annotated with
more than 200 ground-truth queries [Araujo et al. (2015)]. Our experiment selects
200 news videos for testing, most last no longer than 2 minutes. All the videos are
down-sampled to one frame per half second.

VLR was implemented using SIFT features in Matlab 2016a. For VLR of DELF,
features are first computed using Python/Tensorflow, and the matching is com-
puted by using the same technique as in Section 5.3. The comparison of experiments
of VLAD and SIFT are conducted in Matlab, while the deep learning algorithms
are run in Python/Tensorflow. Target logos are usually updated every season/year.
Since there are only a limited images of new logos, they cannot provide an adequate
dataset for training alone. Instead, the deep learning models are trained using the
OpenLogo dataset [Agarwal et al. (2018)], which includes many of the target logo
images needed in the experiments.
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Table 5.2: Comparison of proposed techniques against state-of-the-art algorithms
on Stanford I2V dataset in two logo retrieval tasks.

Model Stanford I2V (mAP)
TV Channel Logo Social Software Logo

ResNet101 [He et al. (2016)] 79.5 30.3
SIFT [Lowe (2004)] 83.4 38.6

VLAD [Jégou et al. (2010)] 82.6 41.7
DELF [Noh et al. (2017)] 84.5 42.3

Deeplogo [Iandola et al. (2015)] 87.1 43.1
Logo Proposals [Qi et al. (2017)] 84.9 42.5

One-Shot Network [Bhunia et al. (2019)] 83.5 40.7
VLR (SIFT) 87.4 41.7

VLR (DELF) 89.2 46.8

Results

Table 5.1 shows the mean Average Precision (mAP) of retrieval for each logo target in
the UEFA videos, compared to a ground truth which was determined by manually
counting the time that each target was visible. VLR based on DELF achieves more
than 80% mAP over the three year’s dataset, which is significantly better than the
other models. Both VLR based on SIFT and DELF improve at least 5% over the
original SIFT and DELF algorithms. Since many regions of the video are irrelevant,
models with local features benefit from the small scaled targets. While the logo
recognition algorithms show good performance in some cases, they tend to be less
consistent and less reliable, likely being influenced by the correlation between the
pre-trained dataset and the experimental test dataset.

Table 5.2 shows experimental results on the Stanford I2V dataset. The test
dataset contains 200 broadcast news videos. Two tasks are tested: 1) Retrieval of
three TV channel logos (CNN, CBS and Bloomberg) and 2) Retrieval of social media
logos (such as Twitter and Facebook). The VLR based on DELF achieves the highest
mAP for both tasks. VLR based on SIFT or DELF can achieve improvement of 3%
to 5% over the original SIFT and DELF algorithms.
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5.5 Conclusion

This paper introduced a logo image retrieval algorithm based on local features,
which consists of three stages: segmentation, matching, and refinement. The
algorithm was tested and verified on two benchmark datasets and shows notable
performance advantages compared with several state of the art methods. The
idea of the VLR is not limited to SIFT or DELF, and it has potential to improve
performance using other local features.
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6 future work

We proposed a new convolutional network architecture, which we refer to as Spec-
tral Domain Convolutional Neural Network (SpecNet). It optimizes memory usage
during training and testing by converting feature maps into the frequency domain
while leaving the convolutional kernels in the spatial domain during both forward
and backward propagation. The kernels are converted whenever needed into the
frequency domain, and the memory required can then be released immediately
after use. In addition, we designed the activation function for SpecNet. We show
that this approach can reduce memory usage by about 63% without adversely
affecting the performance when compared with with other memory-efficient CNN
algorithms. There are a number of ideas we would like to investigate to improve
SpecNet even further.

Network optimization

Layer Normalization. It is common to reduce training epochs by including an extra
normalization layer in deep neural networks. The normalization standardizes each
summed input using its mean and standard deviation across the input data [Ba
et al. (2016); Rajpurkar et al. (2017); Liu et al. (2019)]. Deep learning neural networks
trained using batch normalization often converge faster even with simple SGD. In
addition to training time improvement, the stochasticity inherited from the batch
statistics can serve as a regularizer during training.

Feature maps in the spectrum domain are very different from those in the
spatial domain. It is crucial to maintain symmetry of feature maps in spectrum
domain. Besides, we find it hard to design the strict equivalent batch normalization
in spectrum domain and layer normalization has a strong influence on training.
Therefore, in our experiments, we did not apply batch normalization to SpecNet
and also remove batch normalization layers for comparison CNNs. It’s worthwhile
to design a specific layer normalization method for SpecNet, since the convergence
speed of SpecNet is slightly slower than CNNs in spatial domain.
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Activation function. For SpecNet, activation functions must fulfill the following
design guidelines:

1. They allow inexpensive gradient calculation.

2. Both g(x) and h(x) are monotonic nondecreasing

3. The functions are odd, i.e. g(−x) = −g(x).

Based on these, we may design several activation functions that may be applied
in SpecNet. For example, a piecewise function may work for this problem:

f(x) =


x, x > α

0, −α < x < α

−x, x < −α

(6.1)

for α ∈ R+, or more generally,

fβ(x) =


xβ, x > α

0, −α < x < α

−xβ, x < −α

(6.2)

for β > 0. For noninteger β, fβ(x) would assume the positive real root.
Thus finding functions that satisfy the three criteria is not difficult. However,

it is not easy to know a priori whether a given activation function will provide
for efficient training. Poor activation functions may have vanishing gradients,
may saturate, or may result in an excessive number of local minimal. Experiments
suggest that values influenced by the activation function in the spatial and spectrum
domains are not the same. Figure 6.1 shows the output of a converged VGG16
feature map before and after the activation function. Note that half of the values in
the spatial domain are affected by the activation function (Relu) in spatial domain
and about a forth of values are affected by our activation function in SpecNet.
Thus an optimal activation function must consider the overall magnitude of the
signals (and hence the normalization strategy that is used) as well as ensuring that
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Figure 6.1: (a) Values of a VGG16 feature map in spatial domain. (b) Values of a fea-
ture map in SpecVGG16. The blue/red points are feature map values before/after
the activation function.

a significant percentage of the values lie outside the (relatively) linear region of
the activation function. Determining that an activation is optimal would require a
significant number of further experiments.

Application

From Fig. 2.2, SpecNet can achieve significant testing accuracy, fast computation
speed and memory efficiency during training, which makes it a good candidate to
implement deeper CNNs and 3D CNNs. We had shown two applications based
on SpecNet in Chapters 3 and 4. These rely on SpecNet to significantly reduce
memory consumption and enable the CNNs to solve new problems even with
limited memory. In addition, there are other applications that may benefit from
the SpecNet idea.

Other deep learning algorithms based on CNNs. We have already applied
SpecNet to several image classification CNNs such as AlexNet, VGG-16, DenseNet
and et. These algorithms have multiple convolution computations and show the
performance of SpecNet directly. Several object detection deep learning algorithms
such as YOLO, FastRCNN, also based on CNN to extract features from input images.
Image segmentation algorithms such as U-Net using CNN to encode and decode
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to generate segmented mask. In principle, all algorithms based on CNNs can
use SpecNet to reduce its memory consumption. To help others make use of the
SpecNet idea, we can envision a CUDA API for Tensorflow. This could help anyone
to optimize the memory usage of their convolutional layers.

3D convolution algorithms. We have already shown two medical applications
of SpecNet using MRI and X-ray images that show very good performance. In
addition, we demonstrated a logo video retrieval algorithm in videos (VLD) based
on SpecNet. However, these applications semi-3D CNNs but do not use 3D con-
volutions to combine information in different channels. But semi-3D cannot fully
extract features in different channels and these feature may be important in some
applications. For example, VLD and existing 2D convolutional neural networks are
blind to much of this kind of information in the video sequence. 3D convolution
may be one approach, but its memory cost is huge, and large memory usage places
an effective limit on the amount of training or testing. SpecNet enables a possible
solution by combining 3D convolution layers with 2D convolution as a new network
structure.

DCT and DWT

Our work has shown that converting feature maps into the spectral domain can
compress memory usage without reducing accuracy significantly. Therefore, similar
operations such as discrete cosine transform (DCT) and Discrete wavelet transform
(DWT) may also be choices for converting feature map. It should be noticed that
feature maps in the spectral domain are easily applied to convolution and some
papers [Pratt et al. (2017); Mathieu et al. (2013); Fujieda et al. (2017)] show how
the FFT can be applied to accelerate computation. Feature maps after DCTs and
DWTs may be still real numbers (saving memory for imaginary part) and even
more sparse. But the convolution computation is more complex. Therefore, it is
worth investigating if converting to DCT or DWT will decrease the memory (or not)
and if such conversion is sensible.
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