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Abstract 

Deep Convolutional Neural Network (CNN) classification of single-object image labels has shown high 
efficiency. However, the great bulk of actual application data comprises of multiple label object images that 
belong to a variety of scenes, objects, and actions in a single image. Most of the recent research studies on 
multiple object label classification rely on individual classifiers for each label category and use probability 
ranking for final classification. These methods already in place work better, but they cannot find the 
dependencies between multiple labels in an image. In this paper, we use deep CNN architecture and long 
short-term memory (LSTM) to solve the problem of label dependence. Our proposed CNN-LSTM 
methodology learns the embeddings of object label to depict semantic object label dependence and image 
label association using a robust multi-label classifier cost function (RMLC), which is a ramp loss function. 
The feature extraction is carried out by a convolution neural network (CNN) pipeline; whereas multi-object 
label correlation is identified by LSTM using object labels and features extracted from input images.  We 
use the loss function to make sure that correlated labels and corresponding features map close to each 
other, limiting the high value updation of weights for the images with improper labels, and the object label 
prediction progresses every time, which helps to improve the multi-label learning task. Experiments 
conducted using the proposed framework on benchmark visual recognition datasets such as CIFAR-10, 
STL-10, PASCAL VOC 2007, MS-COCO, and NUS-WIDE provided performance comparatively better 
than many existing methods in terms of accuracy and mean average precision. The CNN-LSTM + RMLC 
achieve the best test accuracy of  95.56 % on the STL dataset, which is 4% higher than the existing method, 
and the best mean average precision (mAP) of 82.6 on the MS-COCO dataset, which shows the feasibility 
and usefulness of our suggested framework on multiple label image classification. 

Keywords: Multi-label image, label correlation, image classification, LSTM, ramp loss, CNN. 

1.  Introduction 

Multiple label image categorizations are a difficult and crucial task in machine vision with numerous real-world 
applications. The majority of picture classification research focuses on single item label classification. However, 
a single object label in a picture is unimportant in many real-world application data sets, which typically contain 
several object labels with extensive semantic information to explain scenes, activities, and their interactions. The 
number of object labels available in an image varies from image to image. In Fig.1, for example, the picture labels 
match to item labels such as car, horse, and human. Understanding multiple item label images requires training 
the semantic information and their label dependencies. Convolutional Neural Network (CNN) is a popular solution 
for multiple item label classification that is used to reduce the problem to a single object label prediction problem 
and train using cross entropy loss [1] [2]. However, when the numerous object labels are considered separately, 
the approach fails to train on the dependency between multiple object labels. The solution to the problem of 
multiple label classification is to efficiently learn the significant feature of every object in the input image and 
incarcerate the label dependency, which can increase the classification model's efficiency. With CNN's prominent 
feature depiction capacity [46] and a plethora of labeled datasets like ImageNet [48], deep convolutional neural 
network models have made significant progress in multiple label prediction issues. These methods overlook three 
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issues: picture object scale fluctuation, label correlation, and label correlation between image characteristics and 
labels. 

Many previous studies have shown that multiple item label prediction tasks demonstrate substantial label 
dependency features [3]. For example, a ship and water will always show together, but water and a bus will rarely 
appear together. Many prior research employed graphical models [3] to represent label dependency, with the co-
occurrence dependencies with pair wise co-occurrence probabilities being the preferred strategy of the model to 
predict the final label probability. These strategies are either incapable of learning higher order correlations [3], 
or need a high level of computational complexity to learn big complex label dependencies [4]. We use LSTM to 
represent multi-object label dependencies in the proposed study to capture multi-label interactions while 
maintaining computation cost acceptable. We demonstrate that LSTM improves task accuracy in categorization. 
The majority of past work on multi label image classification using CNN employs the same picture attributes for 
all classifiers. However, using the same characteristics to categorize numerous item labels overlooks the image's 
small objects [5]. Another issue with multi-label photos is that some of the labels are erroneous because they are 
collected by an automated method, resulting in missing and noisy labels. 

 

Fig 1 Multiple object image 

To avoid the aforementioned issues, we constructed LSTM in our proposed method to recognize image 
characteristics based on past classification results. The purpose is to train the model implicitly using kernel filters 
on small object portions in photos, such that the convolutional neural network may focus on different regions of 
the image to recognize distinct item labels. For example, during the classification of numerous object labels in 
Figure-1, the proposed method prioritizes smaller things (e.g., automobile, hat) after detecting major objects such 
as (i.e. horse, Person). Minor object labels are difficult to detect by it, but they can be easily inferred if relevant 
context information is provided. The major contribution of our proposed work are abridged as follows, 

1) The amalgamation of deep CNN and LSTM resolves the problem of multifaceted feature extraction and 
correlation between labels in multiple label image classification. 

2) We design robust ramp loss function that integrated with CNN-LSTM framework. The designed loss 
function aimed at to exploit label correlation thereby provides optimal weight for the training samples 
with noisy and incomplete labels.  

3) Our proposed classifier framework CNN-LSTM-RMLC can also work along with hand crafted features. 

This work is divided into five sections, with the first providing an introduction to multi-label picture 
categorization, its scope, and its significance in research. It also includes the primary scientific contribution and 
benefits of this study. Section 2 discusses the research background, relevance, deep learning capabilities, and 
current advances of the convolution neural network. It also discusses issues with current multi-label picture 
classification algorithms. Section 3 describes the suggested approach, CNN-LSTM, loss function, design 
parameters, and implementation details. It also includes the CNN-LSTM-RMLC network model structure and 
training methodologies. Section 4 compares experimental results on several image databases such as CIFAR-10, 
STL-10, MS-COCO, NUS-WIDE, and PASCAL VOC. It examines the benefits of the suggested strategy over 
noisy data and provides qualitative results. Section 5 concludes this work and makes predictions for future research 
on the same topic. 
2. Related Works 

The classification of multi-object picture labels is an important objective in learning algorithms, with 
applications in computer vision, music retrieval, and text categorization. Image classification research has grown 
in popularity as a result of the availability of large amounts of human-labeled data, such as ImageNet [6] and 
CIFAR-10, as well as recent advancements in deep learning techniques, particularly CNN. Recent work on 
multiple object image label classification using CNN with top-k ranking optimization provides minimal weights 
to losses and achieves good results [1]. To converge probability values from several region proposals derived 
from the input image, Wei et al [5] employed max-pooling. In recent years, deep learning-based multiple label 
categorization of image data has considerably benefited a variety of image-related applications such as semantic 
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segmentation [7], object detection and recognition, and activity detection [8]. Yu et al [9] proposed a deep dual 
flow network with multiple instances to exploit information on both local and global levels. Creating a list of co-
occurring objects can be thought of as a multi-label categorization issue. Depending on its attention capacity, a 
model may isolate specific elements of an image while ignoring others. It's been used in image processing for a 
long time. For example, SENet [10] considers channel linkages, enhances feature channels with attention 
mechanisms, intelligently determines the significance of each feature channel, emphasizes key characteristics, and 
suppresses dull features. Woo et al. [11] introduced GSoP-Net to capture more discriminative representations than 
SENet [10] and CBAM [11], which use the attention strategy of feature channel and feature space combination, 
by utilizing the global picture of the deep CNN's second order statistics. Through repeated procedures, each pixel 
maintains its long-term reliance, and CCNET [12] accesses each pixel's relevant data via a crises-cross path. 

Sumbul et al. [13] used a bi-directional LSTM-based attention technique to estimate many attention scores 
in order to measure the relevance levels of various picture local areas. The classifier model predicts labels for each 
image using a global descriptor specified by the attention ratings. Li et al. [14] suggested a method that improves 
the channel-wise attention mechanism by merging regional attention maps and relative labels, both of which are 
employed to build label sequence in large-scale data, using a CNN-RNN-based bi-model multi-label learning 
framework. To investigate pathological connections in the multi-label chest X-ray (CXR) image classification 
job, Chen et al. [15] created a novel label co-occurrence learning system based on Graph Convolution Networks 
(GCNs). By introducing pathological word embedding and multi-layer graph information propagation to fine-tune 
pathology prediction belief states, the link between pathologies is expanded into a collection of classifier scores. 
Park et al. [16] presented MarsNet, a CNN-based end-to-end network for multi-label categorization that can accept 
inputs of varying sizes. To allow the network to accept such images, the dilated residual network (DRN) is updated 
to generate higher-resolution feature maps, and horizontal vertical pooling (HVP) is built from the ground up to 
collect positional information from the feature maps efficiently. The multi-label score module and the threshold 
estimation module are also utilized for multi-label classification.  

Exploring image similarities and optimizing visual feature embedding for multi-label chest X-ray image 
classification was suggested using a graph convolutional network-based semantic similarity graph embedding 
framework [17]. Multiple label categorizations have long been investigated in semi-supervised learning in order 
to reduce human tagging effort. Semi-supervised learning approaches in image analysis are grouped into three 
types: 1) A technique based on adversarial learning [18], [19], and [20]; 2) A graph-based technique [21]; and 3) 
A label propagation-based strategy Dong et al. provided a framework for searching neural network models and 
automated the creation of neural architecture for classification models using gradient-based optimization for 
adversarial medical picture segmentation. Semi-supervised deep convolutional GANs and a retinal picture 
synthesizer were proposed by Diaz-Pinto et al. [19] for glaucoma evaluation. This method automatically creates 
labels and has high glaucoma classification accuracy. Iscen et al. [22] employed a transductive label propagation 
technique based on various assumptions to forecast outcomes and generate pseudo-labels for unlabeled input to 
create a neural network model. The transductive technique is based on the nearest neighbor graph of the dataset, 
which was produced using network embedding. These studies rarely employ deep neural network approaches 
since they focus on conservative features. The mapping of label associations has also been disregarded or 
overlooked during classifier learning. Wang et al. [23] suggested a framework for multiple labels was made. 
SDRL is a strategy for semi-supervised dual-relationship learning. SDRL is intended to discover latent relations 
in given samples, such as instance-level relationships in feature space between labeled and unlabelled, as well as 
label-level relationships within each sample. To properly align the shifted feature distributions, a two-classifier 
domain adaptation structure is used. To summarize, past research attempts on multi-label picture classification 
that we are aware of either fail to generate context or use a Convolutional Neural Network-based direct label 
classification module. Existing models necessitate information about the number of class labels associated with 
image objects. The suggested model incorporates direct recognition, context, label estimation, and object label 
correlation in an image. 

In this article, we suggest a CNN-LSTM model with a ramp loss function for multiple object image label 
classification that efficiently learns label co-occurrence dependency in the images. The multiple label CNN-LSTM 
framework learns an image object label embedding to become acquainted with the relationship between image 
features and labels. The object label embeddings are derived from a CNN for each label. The label co-existence 
dependency on vector space is modeled with the use of LSTM neurons, which keep a record of information about 
label context in the memory gate. The Long Short Term Memory unit calculates the probability of a multiple 
object label classification successively, where the probability of an object label at each time stamp is calculated 
with the image label embedding vector and the output provided by LSTM neurons. In final classification, a 
softmax activation algorithm can be used to find the multiple object label classification with the highest 
probability. The proposed CNN-LSTM framework with ramp loss function is a better framework has following 
advantages: 
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 LSTM neurons are more compact and powerful to model label co-existence dependency than other 
models used for label dependency. 

 The robust ramp loss functions in the weighted approximate ranking method to capture the multiple 
object label dependency and to exploit label correlation. 

The proposed CNN-LSTM model with a robust ramp loss function was evaluated using experiments on multiple 
object label datasets such as PASCAL VOC 2007, Microsoft COCO, NUS-WIDE, and single object label datasets 
like the CIFAR-10 dataset and STL-10 dataset. The output of multiple object image label classification is 
represented as a one-hot-encoded form of a binary vector where each bit represents the existence or non-existence 
of an object label in the input label. The results show that our proposed framework is more effective than existing 
methods for classifying objects with more than one label. 

3. Proposed Work 

3.1. Feature extractor 

Feature extraction can be done with any standard convolutional neural network architecture used for single-
object image label classification. In our proposed implementation, we used a convolutional neural network with 
weight parameters from ResNet-101 pre-trained using the ImageNet dataset. The feature map representations from 
the final convolutional layer of CNN are given as input to LSTM for label classification and embedding space 
branches. Let I = { X1, X2, ………Xk }d*k denotes the collection of images with respective labels L = { L1, L2, 
………Lk }, L {0, 1 } C*k, where Li is a one-hot encoded  vector of the image labels with a size of C. Xi, k, C, 
and d are the image dataset size, the total number of labels, and the dimension of the image data, respectively. In 
the one-hot encoding of labels, Lin = 1 if the Xi image has the nth object label, otherwise Lin = 0. We give the image 
data X to the feature extraction model, which is a CNN input layer, to acquire the feature map representations FRx 

from the image. Using the Re-LU activation function, a convolutional neural network applies feature detectors to the 
input image to build feature maps. Feature filters aid in the extraction of various features in an image, such as 
bends, edges, horizontal lines, and vertical lines. The feature maps are then pooled to ensure translation invariance. 
Pooling is predicated on the idea that changing the input by a little amount has no effect on the pooled outputs. 
We employed maximum pooling, which performs better than minimum or average pooling. The feature maps 
generated from PASCAL VOC 2007 using CNN are shown in Fig. 2. 

 
Fig  2. Original Image   Conv2   Conv5  Conv8 

3.2. Convolutional neural network 

3.2.1. Convolutional layer 

Using multiple feature detectors, the convolutional layer captures the features of interest from the input image 
and provides feature maps. The neurons in the first convolutional layer extract simple features such as edges. 
Following convolutional layers, neurons extract high-order features from the input image. Each convolutional 
layer kernel may extract features from the input image, and neurons are allocated to different sections of the image 
to create feature maps. 

3.2.2. Activation layer 

Any neural network must have non-linearity in order to be effective. A non-linear activation function, in 
addition to perceptrons, is required to shatter the linear mixing of input and make a model a general approximator 
of continuous functions. Later, Jarrett et al. included rectified linear units (ReLu) in CNNs to improve model 
performance [8]. ReLu is well-known for its non-linear activation of convolutional layer outputs. After calculating 
a weighted sum and a bias, the activation task is applied to the hidden layer. The CNN-LSTM model achieves 
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non-linearity by passing the result of the convolution process via the ReLu function. As a result, the quantities in 
the resulting feature maps are the ReLu function applied to them, rather than sums. Hidden layers in a trained 
CNN correspond to numerous abstract representations of input attributes. When presented with an unknown input, 
a CNN has no way of predicting which of the abstract representations it has learnt will be meaningful. Any neuron 
in the deep layer that reflects a learnt abstract representation can either be relevant or irrelevant. If the neuron is 
unimportant, this does not rule out the possibility of other viable abstract representations. All learnt abstract 
representations are designed to be self-contained. As a result, CNNs with non-negative activation functions are 
preferred. The Rectified Linear function is the most prevalent, and a neuron that employs it is known as a ReLu. 
The ReLU activation is defined as: f(x) = max (0, x). The ReLu function has two significant benefits over the 
sigmoid function: 1) It is extremely simple to compute because it simply requires a comparison of the input to the 
value 0. 2) Depending on whether the input is negative or positive, the derivative is either 0 or 1. 

3.2.3. Pooling layer 

Subsampling or pooling layers are commonly used to mediate between multiple convolutional layers. 
Subsampling has numerous advantages for CNNs. It also seeks to prevent over fitting by focusing on local data 
with a subsampling window, reducing data dimensionality. Reduced data dimensionality aids in the reduction of 
quantities calculated. Because a limited number of scaling or dislocations make no difference after subsampling, 
the pooling layer also provides invariance such as translation, scaling, and rotation. The max-pooling technique 
excites the highest result of each subsampling region (Px, Py) on the input image and reduces it by Px and Py on 
width and height, respectively. 

3.2.4. Classification layer 

The classification layer is the topmost layer of any neural network, and it aggregates the final extracted feature 
maps and outputs a column vector with each row representing a class label. The sum of the estimated probabilities 
for each category is represented by each element of the resultant vector. In general, CNNs have a fully-connected 
layer that evolved from the traditional machine learning design of feature extraction and classification. To 
calculate the likelihood of output classification, softmax for single-label images and sigmoid for multi-label 
images are activated above completely linked layers. Fig. 3 and Fig. 4 show how our proposed CNN-LSTM-
RMLC neural network layers for classifying the CIFAR-10 dataset are put together. Except for the input layer, 
our proposed CNN-LSTM-RMLC has 14 layers, which are denoted by the letters Cx, Sx, Rx, and Fx, which stand 
for convolutional layer, subsampling layer, recurrent layer, and fully connected or dense layer, respectively, and 
x signifies the layer succession number. Every convolution layer in our proposed network has a kernel size of 3x3 
and a stride length of 1. Pooling layers maximizes input in a 2x2 region with a stride of 2. The maximum value 
and the trainable parameters are multiplied together, and then a bias is added on top of that. The input layer is 
given a normalized image with the dimensions 32 by 32 pixels. C1 has 64 convolution kernels, resulting in 64x 
(9+1) = 640 trainable coefficients, and outputs 64 feature maps of size 32x32. This layer has a total of 9 x (1+1) 
x (32x32) x 64 = 655360 connections. C2 is made up of 64 plane convolutional kernels of size 3 x 3 that result in 
36928 trainable parameters. S3 is made up of 64 sub-sampling kernels. As a result, there are 64x2 = 128 trainable 
parameters and a total of (2x2 + 1) x (16x16) x 64 = 81920 linkages. C4 and C5 are made up of 128 convolution 
kernels of size 3 x 3 with stride 1, resulting in 73856 and 147584 trainable parameters, respectively. S6 is made 
up of 128 subsampling kernels with a total of 128 x 2 = 256 trainable parameters. C7 and C8 have 256 and 128 
convolution kernels, respectively, with kernel size 3 x 3 and stride 1, resulting in 295168 and 295040 trainable 
parameters. S9 is made up of 128 subsampling kernels, with a total of 128 x 2 = 256 trainable parameters. R10 is 
made up of 64 recurrent units that return the last output as a sequence to the next layer and generate 221952 
trainable parameters. R11 and R12 are made up of 32 and 16 recurrent units, respectively, and return the last 
output as a sequence to the next layer, as well as 31104 and 10320 trainable parameters. F13 and F14 connect the 
output features set with its input, yielding 320 x 20+20 = 6420 and 210 trainable coefficients and connections, 
respectively. Softmax activation for single item classification is used in the output layer, which generates a 10 * 
1 classification column vector with element 1 indicating the expected class label. 

Algorithm 1: LSTM for Robust supervised Multi-label classification 
Input: Feature Map vectors FV 
Output: Predicted class labels Ypi = {1, 2, … C} 
Initialization: d = 4096; S = 2048; C = Number of object classes for classification problem. 
Procedure LSTM (FV, C, LSTM) 
 While t < S do 
 Zt = g(WzFVt + REz Yt-1 + bz)LSTM input 
 It =  (Wi FVt + REi Yt-1 + Pi  CEt-1 + bi ) Input gate 

 Ft =  ( WfFVt + REf Yt-1 + Pf  CEt-1 + bf )   Forget gate 

 CEt = Zt  it + CEt-1 ftCell state (memory) 
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 Ot =  ( WOFVt + RO Yt-1 + POCEt + bO)Output state 

 Yt = h(CEt) Ot    LSTM output 
 vt = ht (Yt)     Dense layer output 
END 
EX = AP ( vt, vt-1, vt-2, …. VS )        Average pooling 
Compute Pk = { P1, P2, ……, Pk}<- softmax(EX) 
Find Idx  = Support (max(Pk))           Highest Probability 
Y’ = Idx        Label Prediction 
END Procedure 

Where,  is the product with gate value in the activation function and W learned weight parameter matrices. 
In our proposed work, we use the activation function rectified linear units (ReLU) [25]. LSTM input along with 
weight and corresponding labels will be available in Zt which is given to the input gate (I). The input gate 
concatenates the current input with the previous input and passes it to the forget function to get F. The forget gate 
determines which elements to erase or keep in the current input and sends data to cell states (CE), where the tanh 
operation with weights learned is performed. LSTM output (Yt) generated with the use of hidden cell state values 
is a dot product with the output state of data. This LSTM output is passed to the fully connected layer (vt) of a 
recurrent network. The class label probability is calculated from the average pooling (AP) of dense layer output. 
The softmax layer calculates the probability of a possible class label in an image, and an output class label (y) will 
be assigned based on the maximum probability in each class. 

 
Fig  3. Architecture of  deep CNN. Conv = convolutional layer, the x in 
Conv * x represents the total number of convolution kernels in the layer, 
the size of pooling window is y * y. 

Fig  4. Architecture of recurrent neural network. LSTM = 
Long Short Term Memory, FC = dense or fully connected 
layer. The m in R-(m) represents the total number of 
recurrent units in the layer, the z in FC-(z) represents total 
number of neurons in the FC layer. 

 
3.3. Long short term memory (LSTM) 

The internal states of a recurrent neural network are utilized to imitate the temporal behavior of sequential 
input via circular connections in its internal neuron units. It can simulate long-term time-based dependency. LSTM 
is a basic RNN extension with three gates added to recurrent neurons. A forget gate F decides whether to maintain 
or erase the current state content, an input gate I fetches the input values, and an output gate O determines which 
values go to the output state. These three gates enable long-term memory to learn data dependency in the order, 
as well as simple optimization by using gates that lead the input values to transmit via the recurrent hidden layer 
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units R(t) while not interfering with the real output sequence. The problem of gradients exploding and going away 
with simple RNN is easily solved by LSTM [24].  

3.4. Loss function 

Machines employ a loss function, also known as an error function, to learn. It is a method for determining 
how effectively an algorithm models the training data provided. If the expected value differs greatly from the 
actual value, the loss function will vary by a considerable number (increase or decrease). Studies using progressive 
loss functions to reduce prediction error with the help of an optimization function. The suggested classification 
model employs the optimization problem given in Eq. (1) and represents collections of catalogues with positive 
and negative labels for sample data xi.  

))(()()()(
2

min
1 1 1 1 1

i
T
j

l

i

L

j

L

k

l

i

m

j
ijsi

T
ki

T
jsj

T XWyRkXWXWRrFWWtrace
xi xi

 
    

 




 ……… (1) 

Where F(.) is a function to calculate weight for various ranks, rj is the rank of jth class label of ith image 
sample, the ramp loss function is Rs(t) = minimum(1−s, maximum(0, 1−t )) and −1< s ≤ 0 is a factor which 
should  be fixed by manipulator. Wj relates to  jth column of the weight matrix (W) with d x m dimension, λ is the 
regularization factor, which is also assigned by the manipulator, and k is a factor which limits the weight value of 
the loss function. The difference of two convex hinge losses can also be used to express the robust ramp loss 
function, Rs(t) = H1(t) − Hs(t), where Ha(t) = max (0, a −t) is the classic hinge loss function. We use s = 0.75 in 
the proposed model experiments. The word F(.) is used to manage the ranking of different labels. The term in 
equation-1 is a regularization function that ensures that the model is used in conjunction with handcrafted features. 
The regularization function is omitted since our proposed framework is integrated with deep neural network 
architectures. The proposed approach, which differs from the WARP technique, uses a resilient ramp loss instead 
of the standard hinge loss function in optimization equation-1. Furthermore, the proposed strategy forces the 
classification model to produce positive values (> 1) for positive label data and negative values (< 1) for negative 
label data by utilizing the last term in optimization equation 1, which is not available in WARP. We used a weight 
function similar to that of [9, 12], which is as follows: 
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where n is the number of images. The function F (.) used to control ranking labels throughout optimization. 
F (.) gives the loss value the least amount of weight if a positive class label is at the top of the label list and the 
most amount of weight if it is not at the top of the list. The hinge loss function gives a loss value that isn't limited 
by a range. Because of this, it gives a large loss value for labels that are wrong, which is far from the acceptable 
margin. These wrongly labeled data have a substantial impact on the weight matrix and reduce the predictive 
model's efficacy. The ramp loss function is preferable to the hinge loss function because it causes poorly labeled 
image data to yield only a limited degree of loss, despite of its placement related to the border. As a result, the 
improperly labeled data has no influence on the optimization process. We use the Adam optimizer to tackle the 
optimization problem. Because the execution time of the Adam optimizer is not directly influenced by the number 
of training samples for quadratic loss functions like ramp loss, our proposed framework is fast and performs well 
with vast volumes of data. 

3.5. Model 

The suggested CNN-LSTM-RMLC model is made up of three primary parts: The first is a feature extractor 
that uses convolutional neural networks, while the second is object label correlation that uses LSTM and picture 
characteristics and labels. Third, a classification module that combines feature extractor direct label identification 
results with LSTM object label correlation details. The feature extraction module extracts feature representations 
from input images using a typical convolutional neural network layer, which is then followed by an activation and 
max pooling layer for single object picture label classification. The recovered feature maps can be regarded of as 
abstract concepts of the objects in the input image. With these image feature maps, a thick layer-based direct label 
classifier for labels can be built on top of the feature representation. Deep CNN-layer extracted feature maps have 
significant semantic content and are abstract in nature. Fig. 5 displays the proposed framework's general 
architecture. The LSTM network architecture calculates the object recognition probability. To model the image 
and label relationship, the image feature representations and class labels are mapped in an embedded space. In the 
embedded space, the LSTM model serves as a dominant representation of the object-label correlation. At each 
time step, it uses predicted object label embeddings and maintains a hidden layer state to learn label co-existence 
evidence. The likelihood of a class label is known ahead of time, and class labels that have already been predicted 
are found using dot products of the sum of a picture's feature maps and embeddings of recurring layers.  
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The likelihood of a recognition track is attained as the product of earlier labels in the estimate path and the a-
prior probability. A label l is denoted by a one-hot encoded vector as el = [0... 1, 0, 0 . . . 0], 1 at the l-th position, 
and 0 at the remaining location. The embeddings of the class label are obtained by multiplying the label embedded 
vector Um with the one-hot encoded vector. The label embedded value of class label l is available at lth row of Um. 

Wl = Vm .el 

The recurrent layer learns the correlation and dependencies in the hidden states using non-linear function as 
follows, 

O(t) = ho(q(t-1), wl(t), q(t) = hr(q(t-1), wl(t)) 

Where q(t) is hidden states and o(t) is output state of recurrent layers at t time step. The class label implanting 
of the tth label is wl(t).The recurrent network layer output and feature maps of images are mapped into the 
embedding space as follows: 

))(( IVtOVhx x
I

x
ot 

 

Where x
oV is projection of the recurrent neural network layer output and x

IV  feature map of the image. At last, 

the object label score calculated by reproducing the transpose of VI and xt to calculate the detachments between 

every class label embedding and xt using t
T

m xVts )( . 

 
Fig 5. Proposed Model architecture Overview 

The likelihood of predicted labels computed applying softmax function on the scores. For multiple labels sigmoid 
function used since the one class label probability calculation not dependent on other class label probability. 
 A prediction route is a set of class labels (c1, c2, c3… cN) for which the probability of each label ct may 
be calculated using the image M's information and the previously predicted labels c1, ct1. The LSTM model 
predicts more than one label by finding the prediction path that maximizes the probability from the start.  

C1, ꞏ ꞏ ꞏ ,ck = arg max P(c1, ꞏ ꞏ ꞏ , ck|M) 

= arg max P(c1|M) × P(c2|M, M1) 

= P(ck|M, M1, ꞏ ꞏ ꞏ , Mk-1)                   ----(2) 

Since the probability P (ck|M, M1,..., Mk-1), there is no best possible polynomial technique for determining the best 
possible prediction path. Eq. (2) is devoid of the Markov property. To identify the best forecast path, we use the 
beam search technique. At each time step t, the beam search algorithm finds the top-N most likely forecast paths 
as intermediate paths SP(t). It doesn't try to get the maximum likelihood label too soon.  

SP (t) = {P1 (t), P2 (t), ꞏ ꞏ ꞏ , PN(t)} 

We append N maximum likelihood labels to every intermediary path Pi (t) at the t+1 time step, resulting in N x N 
paths in total. The N-likelihood paths are the intermediate paths that have the highest probability for the t+1 time 
step. The current intermediate paths have a lower probability than all of the candidate paths, which is the 
termination criterion for the beam search. It means that there are no more candidate paths with a higher probability. 
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Algorithm 2: CNN-LSTM -RMLC framework based solver for supervised multiple label classification 
Feature Map Extraction 
Input: Labelled training data X = { X1, X2, ………Xk } where k is the total number of images 
Output: Feature Maps of given input images, probability score of labels 
Procedure Feature Map Extraction (X, CNN) 

1. X  XR: Resize the colour image and convert it into gray scale image for easy processing 
2. XR XE: Enhancing the edges of the images for better detection [43] 
3. XE Xnp , Y : where Xnp – image data in numpy array, Y – image object labels in the form of one-hot-

encoding 
4. Xnp, Y X_test, X_train, Y_test and Y_train : divide the data source into train set and test set 
5. X_train, Y_train CNN: The raw training data are sent to input layer of Convolutional neural 

network to extract feature representation maps. 
6. For i = 1 to K do 
7. X_train(i) Conv2D : Raw training images are given to convolution to get important representation 

of the image provided kernel (5,5) 
8. X_Conv2D  Leaky ReLu:  Convolved images are passed to activation function Leaky ReLu to get 

the output 
9. X_Conv2D_Relu Maxpool: The activation outputs are given to max pooling to reduce the 

dimensionality of the processed image representation using (2, 2) size window. 
10. H { H1, H2, ………Hk } : Where H is hidden layer and k total number of hidden layer. 
11. F(i) H: Reduced convolved image data are passed through various hidden layers H to extract the 

high level feature representation(FR) of input images. 
12. FR(i) V: Feature maps are converted into a feature vector V using time distributed manner. 
13. V(i) LSTM: Feature vectors are passed to LSTM to get class label dependency and correlation.  
14. L = { L1, L2, ……… Lm } 
15. V(i)_LSTM  L: Extracted feature vectors are given hidden layers of LSTM sequentially to get the 

correlation between labels via feature vectors. 
16. V(i)_LSTM_L  D: The last hidden layer output will be flattened and delivered to fully connected 

layer ( Dense Layer D) for learning representations and labels along with label correlation. 
17. D = { D1, D2, ……… Dn } 
18. V(i)_LSTM_L_D Softmax: Learned features are given to softmax layer to get the output probability 

based on which classification of labels will be made. The error will be calculated between predicted 
label Ypi and true label Yi based on which gradient calculation will be done using back propagation 
to minimize the error. 

19. End  
End Procedure 

 
3.6. Model design parameters and implementation details 

In our proposed technique trials, the convolutional neural network unit contains six convolutional layers and two 
fully linked layers, similar to the ResNet-101 network. The recurrent LSTM layer and the class label embedding 
vector space have sizes of 512 and 128, respectively. The user must specify the two parameters of our proposed 
model, the regularization parameter and the ramp loss function weight k, in order for the classification model to 
have a greater than zero for positive labels and a less than zero value for negative labels. The model is trained 
using an Adam optimizer with regularization parameters of 1e-4 weight decay and 0.9 momentums. We employ 
the k = 5 value in all of our studies, and the findings show that k values between 2 and 8 produce superior results. 
As a result, we set k to be the average of those two integers. In the experiments, 64-piece mini-batches were used. 
We also use learning rates of 0.005 and 0.3 dropout rates for all the hidden layers. The tests were done on a 
computer with an Itanium processor, 32GB of RAM, and 11 GB of Nvidia RTX 2080 Ti GPU memory.  

4. Experiments 

We tested our suggested technique on five visual object identification datasets: STL-10, CIFAR-10, MS-
COCO, NUS-WIDE, and PASCAL VOC 2007. STL-10 and CIFAR-10 are data sources for single object picture 
labels. The results reveal that the proposed model outperforms several previous strategies in the field of multiple 
label classification. 

4.1. Evaluation metric 

We evaluate the performance of our proposed method for multiple object image label classification using 
seven metrics: mean average precision (mAP), overall precision and per-class (O-P, C-P), and recall scores (O-R, 
C-R), where the average is taken from all class categories and entire samples from the testing set, respectively. 

e-ISSN : 0976-5166 
p-ISSN : 2231-3850 Joseph James S et al. / Indian Journal of Computer Science and Engineering (IJCSE)

DOI : 10.21817/indjcse/2022/v13i6/221306085 Vol. 13 No. 6 Nov-Dec 2022 1885



The F1 score is calculated using the geometrical mean of recall and precision values (O-F1, C-F1). In addition, 
for multiple object image data, we compute the (mAP) measure [24]. We use the accuracy measure to evaluate 
performance on single-object label datasets. 

4.2. CIFAR-10 dataset 

The CIFAR-10 dataset is a single object label dataset that comprises 60000 image data points of size 32 x 32 
in 10 different object categories such as automobile, airplane, bird, deer, cat, dog, horse, frog, truck, and ship. 
50000 images are utilised for training the model, and training samples are divided into 10 folds. Ten thousand 
images are used for testing the model's accuracy. A training batch of size 64 is used. We performed two different 
sets of experiments. As a first method, we trained the model by initializing weights randomly from scratch. 
Secondly, we used model weights trained on the ILSVRC 2013 dataset initially and then fine-tuned the weights 
with the CIFAR-10 dataset. In order to make use of already trained model weights, we scaled up all images to 
size 256 ×256. An average accuracy of 10 folds is calculated as the final accuracy of the model. The obtained 
results through the experiment are shown in Table 1. 

The existing approaches described in Table 1 use various deep neural network architectures, but all of them 
train and validate using the same experimental settings that we used in our experiment. Our suggested CNN-
LSTM-RMLC approach with ILSVRC-trained weight initialization achieves the highest accuracy performance. 
The approach using the Softmax network and RML-CNN performs well and comes in second place. The suggested 
technique significantly outperforms all previous methods and improves accuracy by roughly 8.3% over the WARP 
[31] method and 4.4% over the SoftMax method [31]. The accuracy of methods with random weight initialization 
was much lower in all of the losses that were looked at, which suggests that there aren't many examples of 
networks with such a deep structure.  

Method Accuracy (%) 
DGL [27] 82.44 ± 0.3 
Improved GAN [28] 81.37 ± 2.3 
ALI [29] 82.01 ± 1.6 
Ladder Network [30] 79.60 ± 0.5 
RML-CNN (ILSVRC init.) [31] 89.24 ± 0.3 
WARP (ILSVRC init.) [31] 85.41 ± 0.4 
Softmax (ILSVRC init.) [31] 89.32 ± 0.4 
RML-CNN (random init.) [31] 52.37 ± 2.4 
WARP (random init.) [36] 50.52 ± 0.5 
Softmax (random init.) [36] 51.46 ± 1.1 
CNN-LSTM- RMLC (random init)(proposed) 60.26 ± 0.8 
CNN-LSTM- RMLC (random init)(proposed) 93.74± 0.4 

Table 1 Classification Accuracy Results on CIFAR-10 image dataset 

4.3. STL-10 image dataset 

The STL-10 dataset, like the CIFAR-10 dataset, is a single object picture dataset that contains images from 
ten different categories. However, the picture data available is of excellent perseverance (96 x 96). This data set 
includes 5,000 identified photos and 100,000 unlabeled images. For our proposed approach trial, we employ 
captioned photos. The dataset is organized into ten folds, each of which has 400 annotated photos. The test data 
set is made up of 1000 photos. The accuracy results represent the average accuracy of ten different folds. Table 2 
shows the experimental accuracy results. 

Method Accuracy (%) 
RML-CNN (ILSVRC init.) [31] 91.11 ± 0.3 
WARP (ILSVRC init.) [31] 85.63 ± 0.6 

Softmax (ILSVRC init.) [31] 91.34 ± 0.3 

RML-CNN (random init.) [31] 40.00 ± 0.9 

WARP (random init.) [31] 39.15 ± 0.7 

Softmax (random init.) [31] 39.27 ± 1.7 

Haeusser et al. [32] 81.00 ±−− 

Huang et al. [33] 76.80 ± 0.3 

CNN-LSTM- RMLC (random init)(proposed) 53.84 ± 1.6 

CNN-LSTM- RMLC (ILSVRC init)(proposed) 95.56 ± 0.4 

Table 2. Mean Classification Accuracy Results on STL-10 Image dataset 
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The suggested supervised technique CNN-LSTM-RMLC achieves higher accuracy, while the softmax and 
RML-CNN methods rank second and third, respectively. Our suggested strategy with ILSVRC-trained weight 
initialization outperforms random weight initialization in all assessed models. The WARP approach outperforms 
softmax and RML-CNN methods with weight initialization of ILSVRC, but its accuracy performance is 
comparable to 0 

Method P-C R-C F1-C P-O R-O F1-O mAP 
WARP [1] 59.3  52.5 55.7 59.8 61.4 60.7 – 
RML-CNN [31] 62.4  61.1 59.8 62.8 65.4 64.1 71.5 
WARP [31] 60.7  59.8 58.5 61.5 64.1 62.8 63.2 

CNN – RMLC [31] 64.9  62.0 61.5 64.1 66.8 65.5 75.2 
CNN + RNN [34] 66.0  55.6 60.4 69.2 66.4 67.8 – 
RLSD [35] 67.7  56.4 61.5 70.5 59.9 64.8 67.4 
ResNet-101 [48] 65.3  62.6 61.3 64.1 66.8 65.4 75.2 
CNN-LSTM- RMLC 
(proposed) 

74.4 68.4 67.5 73.6 75.2 74.6 82.6 

Table 3. Top-3 ranked labels accuracy performance obtained on MS-COCO image dataset on 80 classes 

4.3.1. NUS-WIDE dataset 

NUS-WIDE is a multiple object web image database [36] with 269,648 manually annotated Flickr 
photographs and 5018 descriptions. These image data were manually classified into 81 classes, on average, with 
2.4 class labels per image. We used 161789 picture files for training and 40500 image files for testing. 

 

Table 4. Top-3 ranked labels accuracy performance obtained on NUS-WIDE image dataset on 81 classes 

Table 4. displays the findings of the experiment. Because WARP and RML-CNN share a similar network 
design, they may be directly compared. For multiple object image label classification, the CNN-RMLC technique 
produces less results than the ResNet-101 structure combined with a binary relevance cost function [48]. We also 
conducted novel tests using CNN feature maps from the trained approach proposed in [20]. In our experiment, we 
treated the CNN feature maps as manually extracted features and used LSTM and the loss function specified in 
equation-1 to simulate our proposed categorization. The CNN-LSTM-RMLC classifier approach achieves the 
highest P-C, F1-C, P-O, F1-O, and mAP scores. When compared to the results of CNN-RMLC [31], its mAP is 
4.6% greater. It also outperforms the WARP approach greatly. Without leveraging bounding box approaches used 
for multiple object images, the suggested method outperforms the RSLD and CNN+RMLC methods by a slight 
margin. 

4.3.2.  PACAL VOC dataset 

The PASCAL VOC [39] standard dataset is commonly used for recognizing multiple item labels. It features 
9963 images in all. We used 6000 photos for training and 3963 images for testing in our research. The CNN-
LSTM-RMLC method's performance is evaluated using the mean average precision (mAP) measure. 

Table 5. Compares the experimental results achieved with different existing approaches to multiple object 
picture label classification. CNN-SVM [38] employs a support vector machine model trained on ImageNet single 
object image dataset feature maps. HCP [5] improves the feature maps of CNN, which was previously trained on 
the ImageNet dataset, by using information about regions of objects placed in an image, and outperforms 
approaches that do not employ object placement information. Our suggested method, CNN-LSTM-RMLC, does 
better than both the RARL [42] and HCP [5] methods by 1.2 mAP, even though the LSTM model doesn't take 
location information into account when classifying objects.  

Method P-C R-C F1-C P-O R-O F1-O mAP 
WARP [1] 31.7  35.6 33.5 48.6 60.5 53.9 – 
CNN – RMLC [31] 48.2  56.0 48.8 55.9 69.0 61.8 58.8 
RML-CNN [31] 44.3  54.8 45.3 55.7 69.0 61.7 57.4 
WARP [31] 40.2  51.8 42.2 53.9 66.7 59.7 48.5 

Softmax [31] 31.7  31.2 31.4 47.8 59.5 53.0 – 

CNN + RNN [34] 40.5  30.4 34.7 49.9 61.7 55.2 – 
RLSD [35] 44.4  49.6 46.9 54.4 67.6 60.3 54.1 
ResNet-107 (binary relevance) [48] 46.7  56.8 46.9 55.9 69.2 61.8 59.5 
ResNet-101 (binary relevance) [48] 46.4  55.3 47.0 55.9 69.2 61.8 60.1 
CNN-LSTM- RMLC (proposed) 54.6 62.3 55.6 62.2 73.4 64.7 63.4 
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Table 5. Comparison of mAP on PASCAL VOC image dataset 

4.4. Experimental results on noisy data 

We conducted an experiment using purposely altered image labels to demonstrate the usefulness of the 
suggested technique. We used 4000 tagged picture samples from the CIFAR-10 dataset in 5 batches in this 
experiment. To conduct tests with numerous parameters, subsampling of the MS-COCO and NUS-WIDE datasets 
was performed while maintaining the class label balance. To make the dataset noisy, the labels in a randomly 
selected subset are updated stochastically, ensuring that the original dataset contains balanced class label 
occurrences. The corresponding subset of class labels for all parameters is gradually increased from 10% to 50% 
to ensure consistency. The hyper parameters for the displayed metrics are enhanced, and the models are initialized 
with Image Net pre-trained model weights. 

Figure 6 depicts the experimental results achieved. Across all datasets and parameters, our proposed model 
outperforms the RML-CNN and WARP models. Experiments using 10% and 20% of the MS-COCO and NUS-
WIDE datasets yielded similar results. The CNN+LSTM+RMLC model's performance falls linearly as the 
fraction of degraded class labels increases. The resulting graph also shows that when more image samples are 
used (20% of the dataset instead of 10%), the results are better for all parameters.  
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HCP [5] 98.6 97.1 98.0 95.6 75.3 94.7 95.8 97.3 73.1 90.2 80.0 97.3 96.1 94.9 96.3 78.3 94.7 76.2 97.9 91.5 90.9 

CNN-RNN 
[34] 

96.7 83.1 94.1 92.8 61.2 82.1 89.1 94.2 64.2 83.6 70.0 92.4 91.7 84.2 93.7 59.8 93.2 75.3 99.7 78.6 84.0 

RLSD [34] 96.4 92.7 93.8 94.1 71.2 92.5 94.2 95.7 74.3 90.0 74.2 95.4 96.2 92.1 97.9 66.9 93.5 73.7 97.5 87.6 88.5 

CNN-SVM 
[38] 

88.5 81.0 83.5 82.0 42.0 72.5 85.3 81.6 59.9 58.5 66.5 77.8 81.8 78.8 90.2 54.8 71.1 62.6 87.2 71.8 73.9 

VeryDeep 
[39] 

98.9 95.0 96.8 95.4 69.7 90.4 93.5 96.0 74.2 86.6 87.8 96.0 96.3 93.1 97.2 70.0 92.1 80.3 98.1 87.0 89.7 

RDAR [40] 98.6 97.4 96.3 96.2 75.2 92.4 96.5 97.1 76.5 92.0 87.7 96.8 97.5 93.8 98.5 81.6 93.7 82.8 98.6 89.3 91.9 

RARL [40] 98.6 97.1 97.1 95.5 75.6 92.8 96.8 97.3 78.3 92.2 87.6 96.9 96.9 93.6 98.5 81.6 93.1 83.2 98.5 89.3 92.0 

[42] 99.9 98.4 97.8 98.8 81.2 93.7 97.1 98.4 82.7 94.6 87.1 98.1 97.6 96.2 98.8 83.2 96.2 84.7 99.1 93.5 93.8 

CNN-LSTM- 
RMLC 
(proposed) 

98.4 93.8 98.3 98.2 86.5 93.9 97.6 96.8 85.1 94.0 88.2 98.0 98.4 97.3 99.2 83.6 97.6 83.9 99.6 93.2 94.6 
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(b) MS-COCO 

 

(c) NUS-WIDE 

Fig 6.(a-c).Accuracy performance of noisy datasets 

4.5. Qualitative results 

Consider Figure 7 for a qualitative study of the findings obtained by the proposed model, which we will 
explain. The photos exhibited are from MS-COCO multiple object image dataset test samples. The truth labels 
come from the annotations that were added to the dataset. The projected labels, on the other hand, are the class 
labels for which our suggested model gave a high probability value.  

 

(a) True Labels: Chair, TV, cup, table 
Predicted Labels: Chair, TV, cup table 

(b) True Labels: Motor bike, cat 
Predicted Labels: Person, Motor bike, 
cat 

(c)True Labels: person, baseball 
glove, baseball bat 
Predicted Labels: person, baseball 
glove, sports ball, baseball bat 
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(d) 

 
(e) 

 
(f) 

Fig.7. (a-c)Images from MS-COCO dataset with true labels and predicted label to depict the classification performance, (d-f) heat map 
visualization of superimposed saliency maps and original images.  

The first column in Figure 7(a) illustrates that the proposed model accurately predicts all of the object names in 
the scenario. Figure 7(b) in the second column depicts the occurrence of inaccuracies due to dataset class inequity. 
Collecting multiple object image label datasets with an equal number of photos in each class is quite difficult. The 
suggested approach leans toward assigning high probability scores to often appearing class labels, such as the 
human label in the example image. We cannot, however, assume that the results of object classification are 
completely independent of the circumstances. The column in Figure 7(c.3) depicts significant correlations 
between class labels. Figure 7(c), for example, recognizes a sports ball solely because a picture sample has a 
person carrying a baseball bat and glove. This result demonstrates that the LSTM model can learn correlations 
between class labels in an image by utilizing feature maps recovered by CNN from the input image, namely 
features mined from the baseball bat and glove, which enhance the classification probability score for sports ball. 

5. Conclusion and future work 

For multiple item image label classification datasets with noisy data, we developed a robust supervised CNN-
LSTM deep neural network architecture with a ramp loss function. Using LSTM in embedded vector space, this 
method combines the advantages of CNN feature extraction, label embedding, and objects label co-existence 
dependency for multi-label picture data classification. To maximize the margin, we employed the robust ramp 
loss available in WARP in conjunction with another loss term. On noisy datasets, the suggested framework 
significantly outperforms CNN-RMLC and WARP. Multiple object image label data sources for label 
classification, such as MS-COCO, NUS-WIDE, and PASCAL VOC, as well as single object label data sources, 
such as CIFAR-10 and STL-10, gave us the same level of accuracy. The conclusions of this paper are listed below:  

1) The LSTM learning method can efficiently learn extremely intricate and associated image label data 
because the original image data are fully abstracted following the deep convolutional neural network's 
feature extraction procedure.  

2)  When compared to existing methods such as WARP, softmax, and RML-CNN, relative experiments 
on single object image data such as CIFAR-10 and STL-10 and multi-label image data such as MS-
COCO, NUS-WIDE, and PASCAL VOC, CNN-LSTM-RMLC can improve accuracy performance 
by 4% and mean average precision (mAP) by 7.5. 

The proposed framework of this paper does have some limits.  
 The classification performance of the framework mainly relies on the image feature extraction of the 

CNN, which is comparatively inert at learning abstract features. 
 Smaller objects in different parts of an image are still hard to spot because the overall visual features 

aren't good at telling them apart. 

We intend to improve the presented framework solution in the future by employing efficient techniques such 
as a visual attention network to recognize numerous tiny items in a given image. In the meantime, we aim to 
investigate the multi-label classification problem in other contexts, e.g., using semi-supervised techniques to deal 
with largely available unlabeled image data and also some challenging data such as videos. 
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