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MoReSo: A DNN Framework Expediting
Content-based Video Image Retrieval (CBVIR)

Sinian Li, Doruk Barokas Profeta, and Justin Dauwels
Signal Processing Systems, Dept. of Microelectronics
Delft University of Technology, Delft, Netherlands
J.H.G.Dauwels @tudelft.nl

Abstract—With the exponential growth of video data, individ-
uals, particularly scholars in the fields of history and sociology,
are increasingly reliant on video materials. However, the task of
locating specific frames within videos remains a laborious and
time-consuming endeavor. Advanced machine learning-assisted
video processing techniques have emerged, including text-based
video searches, video summarization, real-time object detection,
and person re-identification. However, distinct from these, the
main challenge of retrieving video frames based on given vi-
sual content is how to efficiently and accurately pinpoint the
instance occurrences. To expedite the process while maintaining
retrieval performance, we propose a two-stage approach, com-
bining KeyFrame Extraction (KFE) and Content-based Image
Retrieval (CBIR), underpinned a DNN-empowered framework
called MoReSo. Our innovations include 1) the integration of
improved statistical features with dynamic clustering in the KFE
stage and 2) the development of the MoReSo framework, which
consists of MobileNet and ResNet backbones with SOA layer
to jointly represent video frames, achieving 2.67x increase in
efficiency compared to existing solutions. Our framework is eval-
uated on two datasets: the annotated EHM Historical Database
provided by digital history researchers and the widely-used image
retrieval benchmark datasets, the Oxford and Paris datasets. The
experimental results showcase that the proposed framework and
scheme excel among other models in the CBVIR task. We make
our code available for further exploration through our GitHub
repository. This repository contains the implementation of our
model and CBVIR system with a GUI prototype.

Index Terms—Content-Based Video Image Retrieval, Content-
Based Image Retrieval, Key Frame Extraction, Image Retrieval
from Video

I. INTRODUCTION

Content-based Video Image Retrieval (CBVIR), which aims
to pinpoint target visual content within long videos, has been
increasingly drawing attention because the advent of streaming
and video has sparked a revolutionary shift in the presentation
and usage of digital materials across various fields, such as
history, sociology, art, and media [1]. But compared with
Content-based Image Retrieval (CBIR), which focuses on how
to search the given query from an image gallery, CBVIR is a
relatively new topic. Most recent progress in enhancing visual
content retrieval or searching for a specific instance revolves
around CBIR capabilities [2], [3]. The academic literature on
video image retrieval remains limited.

CBIR techniques have transitioned from traditional methods
like SIFT [4], ORB [5] and AKAZE [6] to more complex
architectures of neural networks: VGG [7] and ResNet [8]. Its
shift to a learning-based, data-driven approach marked a new
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level of retrieval accuracy. As deep learning models in image
representation expand in complexity, there arises an inherent
trade-off between computational time and accuracy [3].

Apart from the problems CBIR faces, video image retrieval
faces another challenge: the searching gallery has a great
number of repetitive or redundant frames, requiring higher
computation power and impeding the processing speed. With
the advances in image and pattern matching, automatically
searching among video frames is not a daunting task. The
simplest idea is to extract the video into a time-indexed image
library given a specific frame rate [9].

Though the literature on solely visual content-based video
frame retrieval remains limited, two reviews in CBVIR [9],
[10] highlighted the need for shot boundary detection and
keyframe selection in managing extensive video frames. Be-
cause with the essence of the video, the search in the candidate
gallery would be greatly simplified. KFE is an important
topic in video summarization and movie highlight generation.
These studies focus on employing multimodal algorithms to
discern the narrative structure, aiming to produce a synopsis
of video [11]. While the efficiency of this module can only
be achieved when it scans through frames with relatively
straightforward feature representations [12]. VSUMM uses
HSV color features to represent frames and k-means clustering
algorithm to generate video summaries [13]. Similarly, other
researchers exploit a rapid wavelet histogram technique to
select another set of keyframes. Two sets are combined using
mutual information to produce the final selection of keyframes
[14]. Conversely, instead of dealing with visual features, a
framework trains the network to associate visual information
to textual inputs, allowing for the generation of keyframes in
response to textual queries at the expense of efficiency. [15].
The main challenge in KFE for our task lies in balancing low-
level and high-level features effectively.

VISIONE is the latest video image retrieval framework for
large-scale video search [16]. This paper includes keyword-
based search using the Caffe framework and object detection
by integrating YOLOv3. For visual search, it extracts visual
features and transforms them into textual representations for
text search engines. This proposed framework heavily relies
on text-based indexing, which loses visual nuances and could
potentially struggle with complex content understanding and
retrieval. Moreover, for content-based visual media retrieval,
a framework leverages 2D and 3D Convolutional Neural
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Networks, and Long Short-Term Memory networks (LSTMs)
to process images and videos jointly for feature extraction and
classification [17]. This approach improves video understand-
ing through LSTM but compromises efficiency by reducing
the entire video to a single feature, sacrificing temporal
details. Accurate frame capture demands high-level image rep-
resentations, whereas efficient processing needs simpler, low-
level image analysis. The current framework predominantly
emphasizes accuracy, using complex but large Convolutional
Neural Networks for in-depth video analysis.
In summary, this paper is written with objectives:

« First, to complement and enhance the research in CBVIR
and address practical needs, we propose and establish a
comprehensive framework that takes a video and a query
image as input and retrieves relevant frames from the
video with high efficiency and accuracy.

o Second, to address the problem of redundant frames im-
peding the processing speed, we incorporate and improve
the state-of-the-art statistical feature-based KeyFrame
Extraction algorithm to facilitate the processing of the
overall scheme, emphasizing the balance of features.

o Third, to enhance the efficiency of the CBIR module,
we build a novel framework tailored to efficient visual
content retrieval from video.

The rest of the paper is organized as follows: Section II
introduces our CBVIR scheme, the methods we use in KFE,
and our proposed framework, MoReSo, for CBIR. Section
IIT presents experimental settings, results, comparisons, and
analyses. Section IV concludes this paper.

II. METHODOLOGIES

In this paper, we address the need for a fast and reliable
retrieval system by introducing a new CBVIR approach,
featuring an enhanced KFE algorithm and the MoReSo frame-
work to boost CBIR efficiency.

A. A novel CBVIR scheme

The proposed CBVIR scheme is the structured pipeline in
Fig. 1. The key steps are highlighted in blue boxes. Once video
is processed and keyframes are extracted by KFE, MoReSo
module will conduct retrieval process. The retrieval process
is decomposed into two stages, denoted as the green box and
the orange box: 1) fast image representation and shortlisting,
filtering out completely unrelated keyframes; 2) refined feature
extraction that captures features out of the most relevant
candidates so that the ensuing search algorithm can quickly
find the target frames.

The idea behind our proposed scheme is that statistical
features serve as a foundational yet efficient mechanism for
filtering indexes that could encapsulate the long video (con-
taining thousands of frames) into a compact keyframe set.
Even though this first step eases the burden on subsequent
searches, the retrieval gallery is still sizable. Therefore, the
ensuing MoReSo framework is built to mitigate the challenges
of intensive and time-consuming feature extraction by taking
advantage of compact neural networks without sacrificing
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Fig. 1. The pipeline of our proposed CBVIR scheme. The main steps are
indicated as the blue boxes.

accuracy. Shortlisting helps to remove target-irrelevant images
from the gallery set. And then the framework leverages the
deep network to refine the retrieval results. It ensures that
the subsequent searching algorithm rapidly identifies accurate
retrieval results. This strategic framework makes the most of
low-level features and high-level image representation tech-
niques in video processing.
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B. Improved Keyframe Extraction algorithm

In the KFE module, extracted features later serve as cluster
references for the system to form keyframe galleries from
the video. Both soft and hard transitions in scenes can cause
noticeable color statistical changes, which are sufficient to
discern the shots or scenes. This appears to be the most
economical KFE feature. In this realm, Video SUMMarization
(VSUMM) based on HSV color histograms and K-means
clustering [13] is the state-of-the-art system. As in Fig. 2,
we improved efficiency by further dimension reduction using
SubMatrix Selection Singular Value Decomposition and accu-
racy by dynamic clustering, which does not require predefined
hyperparameters and can automatically adjust the cluster as-
signments as a new feature becomes available.

Given that the color span is divided into L color bins, the
color histogram of an image block located at p** row and ¢*"
column with N, o) pixels can be presented as:

_ .y (F)

"o ) =Ny

ke{l,2,---,L}, (1
where n(p,q)(k) is the (p7q)th7p € {132a 7P}7q €
{1,2,---,Q} total number of pixels in the k* color bin.
Therefore, the image feature matrix can be formed as H(I).
And for a more compact expression that can easily be used in
later feature comparison, we can vectorize H(7) into a feature
vector h(I). Moreover, a video consists of many frames, which
can be denoted as I. Therefore, we can express the color-based
feature matrix as H(I).

As shown in Fig. 2, after forming the feature matrix,
Submatrix SVD is performed to reduce the feature dimension.
And by taking the new feature matrix, we implement the
dynamic clustering algorithm to cluster the new feature space
V(I). Fig. 3 illustrates the dynamic clustering, keeping and
leveraging the temporal information inherent in video frames.

Each feature vector v; is examined by a clustering algo-
rithm. Algorithm 1 showcases the implementation of dynamic
clustering in grouping frames and detecting keyframes.

The threshold is a decision boundary for how similar two
centroid vectors should be. We apply cosine similarity as a
measure of similarity:

Cq - C2
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cos(f) = = = —. (2
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Fig. 2. The pipeline of color-based feature matrix formation
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Fig. 3. Illustration of dynamic clustering

Inputs: Feature set: V, Num. of features: IV,
Threshold: thr

Result: Final centroids: C, Keyframe indices: I

Two initial features: vq, vo;

One initial centroid: Cp = YE¥2;
14 2;
n <+ 2;

while i < N do

if cos(Ci, Cit") < thr then

Cr,«CH'nen+1;

14— 14+ 1;

else

if cos(Cj, Cit!) > thr then
Cr«ClL I+ in+2

P41+ 2
k+k+1;
G} - Yeipves
end
end
end

Algorithm 1: Dynamic clustering in KFE

C. MoReSo framework

MoReSo is an integrated framework that leverages two
networks: MobileNetV2 [18] and ResNet101 with Second
Order Attention (SOA) layer [19]. It also includes fast nearest
neighbor search technique, ANNOY. Table I introduces the
structure of this framework.

After KFE, the keyframe set is processed through pretrained
MobileNetV2 to generate the feature maps. MobileNetV2,
renowned for its compact structure, outperforms other state-
of-the-art networks in terms of computation time, making it
the fastest option for video frame search in a CBIR module
[20]. These features will be used to build Approximate Nearest
Neighbor (ANN) search indexes and to be shortlisted based on
the query feature. With the shortlisted set, the Second Order
Loss and Attention ResNet101 (SOLAR) architecture lever-
ages second-order information through spatial attention and
descriptor similarity to improve large-scale image retrieval.

The global descriptor d of an input image is obtained by
conducting GeM pooling on the feature maps f:

LN B
d = GeM(f, p) = (N > ff’) 3)
1=0
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TABLE I
THE STRUCTURE AND SPECIFICATION OF MORESO FRAMEWORK
Stage Method Structure
Conv2d (224 x 224 x 3)
Bottlenecks (112 x 112 x 32
MobileNet -7 x 7 x 160)
Filtering features Conv2d (7 x 7 x 320)
Avg Pool (7 x 7 x 1280)
FC (1280)
Dyném}c Euclidean distance
Shortlisting
Conv2d (224 x 224 x 3)
Max Pool (112 x 112 x 64)
ResNet Residual Blocks (56 x 56 x 64
Retrieval features - 14 x 14 x 1024)
Avg Pool (7 x 7 x 2048)
FC (2048)
ANNOY Cosine distance measure

where p is the pooling parameter. The global descriptor d has
a finite receptive region, resulting in a limited contribution
from each local feature. To incorporate spatial information
into feature pooling, the SOA layer creates its feature map
z by generating three projections from the feature maps f,
corresponding to query q, key k, and value v. This SOA map
can be expressed as:

z = softmaz(a - q' k), 4

where « is the scaling factor. This way, feature map f is able to
combine all the local features across the entire map. In details,
the employment of the first-order attention (an additional 1 x
1 convolution) denoted as ¢ supervises the influence of the
attention, after which we can get the SOA feature map by:

£ =f+ o(z x v). ®)

Within the feature map f*°, a new feature is refined as a
function g, mapping local features from different positions z; ;

within £ to f7?, and it is expressed as:
vy =9(zi; OF). (6)
Then, an extended GeM pooling is :
1
1 N P
GeM (f*2,p) = (N 2_% fe > : (7

This module includes fine-tuning the SOAs and the whiten-
ing layer using the Google Landmark 18 [21] dataset, training
with the triplet loss, and utilizing SOSNet [22] for local
descriptor learning. The utilization of this model aims to
guarantee accuracy in the refinement stage.

III. EXPERIMENTS

In this section, we apply our individual module, framework,
and overall system to three datasets for evaluation, i.e., EHM
Historical Dataset, Oxford5k and Paris6k [23].

Datasets: The experiments of the proposed scheme and the
comparison with baseline methods are based on three visual
databases: EHM Historical Dataset, OxfordSk and Paris6k.

Due to the limitations of the CBVIR benchmark dataset,
we cooperated with a history professor and scholars from
NTU, Singapore, and curated a database of videos and query
images. These videos were carefully selected to encompass a
diverse range of historical figures and events, and the query
images are varied in targets. It includes 51 videos, 397 query
images, and 5435 extracted keyframes (for the ablation test).
Though our primary focus is to make efficient video image
retrieval possible, it is essential to concurrently consider and
evaluate the ablation performance of MoReSo framework as
an individual module. Therefore, we also use the well-known
image databases OxfordSk and Paris6k.

Experimental Setting: Tests were executed using the server
equipped with a CPU (64 processors, 32 cores, AMD Ryzen
Threadripper PRO 3975WX CPU @ 2.20GHz, 125 GiB RAM)
and a GPU (1x NVIDIA RTX A6000 48 GiB RAM).

Evaluation Metrics: For KFE evaluation on EHM dataset,
accuracy, redundancy, and efficiency ratio are considered.
MoReSo framework is evaluated using mean Average Pre-
cision (mAP) and Feature Extraction (FE) efficiency ratio
in CBIR tests on Oxford and Paris datasets and overall
performance tests on EHM dataset.

A. Evaluation on Historical Dataset

The EHM Historical Dataset is used to evaluate the im-
proved KFE and the proposed CBVIR approach. KFE per-
formance comparison is reported in Table II. Our improved
KFE method improves the state-of-the-art statistical feature-
based KFE accuracy from 87.9% to 96.9%, and its efficiency
ratio ranked the highest with 49.5 among the methods tested.
Compared with the deep feature models, though the proposed
KFE only ranked third in redundancy with 34.9%, which is
less competitive, it is still encouraging to see that our approach
significantly outperforms them in efficiency even without using
GPU resources.

TABLE II
PERFORMANCE COMPARISON ON DIFFERENT IMAGE REPRESENTATION
METHODS IN KFE TASK

Methods Efficiency ratio Accuracy Redundancy
VSUMM 34.22 0.879 0.42
VGG16 1.96/18.06* 0.962 0.195
ResNet18 3.45/33.82* 0.949 0.258
Raw color 2.88 0.76 0.35
Proposed KFE 49.5 0.969 0.349

* Values were obtained using GPU: NVIDIA RTX A6000.

Due to the limitations of open CBVIR systems, the most
advanced CBIR system, i.e., SOLAR, is tested, and it is con-
catenated together with our proposed KFE for fair comparison.
Table III shows the performances on accuracy and efficiency
of our scheme and the competing state-of-the-art system. Our
analysis reveals a substantial increase in efficiency between
the proposed method and the existing approach. According
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to this table, the proposed CBVIR system with MoReSo
module achieved an Efficiency Ratio of 17.68, significantly
outstripping the competing method’s Efficiency Ratio of 6.62
and being nearly threefold higher.

TABLE IIT
PERFORMANCE COMPARISON OF THE CBVIR SYSTEMS

Model mAP(%) Efficiency ratio
MoReSo 70.38 17.68
State-of-the-art 71.71 6.62

B. Evaluation on Oxford and Paris Datasets

To gain more insights on the performance of the individ-
ual MoReSo framework, we conducted an ablation test by
evaluating its efficacy as a standalone CBIR module on the
benchmark datasets. We compare it with the state-of-the-art
backbones with advanced pooling methods. The efficiency is
measured by the inverse of the mean feature extraction time of
the test database to execute one query search. In this context,
the shortlisting threshold is set as 10% the dataset volume. As
indicated in Table IV, the MoReSo framework achieved the
highest feature extraction efficiency of 32.74 with only a small
compromise in mAP scores, which are 86.92% and 92.58%
for Oxford and Paris dataset, respectively.

TABLE IV
PERFORMANCE COMPARISON OF OUR PROPOSED FRAMEWORK WITH
STATE-OF-THE-ART CBIR MODELS

Model Oxford5Sk

mAP(%)
86.92
88.27
88.74
80.3
85.2

Paris6k
mAP(%)
92.58
95.04
94.52
83.8
88.8

FE efficiency

MoReSo
ResNet101 + SOLAR
ResNet101 + GeM
VGGNet
ResNet101

32.74
4.65
8.77
18.87
18.52

IV. CONCLUSION

In this study, we focus on the design of a CBVIR model
and the improvement of constituent modules. We proposed
an effective framework that retrieves visual information from
videos efficiently. Significant enhancements were made in
KFE module to distill the video content, thereby contributing
to the overall efficiency. A novel framework, MoReSo, demon-
strates remarkable efficiency and robust accuracy compared
with state-of-the-art models across various datasets. Looking
forward, our research will revolve around the end-to-end,
unified DNN-based framework for CBVIR.
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