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Robust object classification is vital for robotic perception. In this study, we compare a classical
SIFT-based Bag-of-Words + SVM pipeline against a fine-tuned ResNet-50 CNN on 360 000 images
from ten object classes from the iCubWorld Transformations dataset, captured under varied condi-
tions during human–robot interaction. Quantitative results demonstrate that the CNN significantly
outperforms the classical pipeline, achieving an accuracy of 94.3% compared to 67.7%, as well as
substantially higher precision and recall. Grad-CAM visualisations indicate that the CNN not only
attains superior class discrimination but also effectively localises task-relevant image regions, while
the classical method often confuses visually similar objects. These findings confirm that deep learn-
ing provides greater robustness than local features for robotic object classification.

1. INTRODUCTION

Object recognition, the ability of a system to assign
semantic labels to image regions corresponding to dis-
tinct object, is a cornerstone of both robotics and com-
puter vision. Before the advent of deep learning, recog-
nition pipelines typically relied on hand-engineered local
descriptors and classical classifiers. A formative contri-
bution was the Scale-Invariant Feature Transform (SIFT)
algorithm, which detects and describes keypoints in a man-
ner invariant to scale, rotation, and moderate illumination
changes [1]. Building on SIFT, the Bag-of-Words (BoW)
framework aggregates local descriptors into a fixed-length
histogram of “visual words,” analogous to term-frequency
representations in text analysis [2]. These histograms serve
as feature vectors for supervised classifiers, most com-
monly linear Support Vector Machines (SVMs), which
separate object categories in high-dimensional space [3].
Such pipelines achieved state-of-the-art performance on
early benchmarks throughout the 2000s [4].

Since the introduction of AlexNet in 2012 [5], however,
convolutional neural networks (CNNs) have transformed
image classification by learning hierarchical feature rep-
resentations directly from data. At their core, CNNs apply
successive layers of learnable convolutional filters and spa-
tial pooling operations to extract increasingly abstract pat-
terns, from edges and textures at early layers to object parts
and global shape at deeper stages, and are trained end to
end via back-propagation to minimise classification loss.
Subsequent architectures such as VGG [6], ResNet [7],
and EfficientNet [8], have progressively increased depth,
capacity, and training efficiency, yielding significant im-
provements in accuracy on large-scale datasets. The com-
bination of abundant labelled data and GPU acceleration
has enabled CNNs to surpass traditional methods by sub-
stantial margins [9, 10].

Fine-tuning pretrained CNNs on new target domains
has become a standard transfer-learning paradigm, deliver-
ing strong performance even under challenging conditions
such as those encountered in robotic vision, including vari-
able lighting, cluttered backgrounds and unconstrained ob-
ject viewpoints. In this study, we employ a subset of the
iCubWorld Transformations dataset [11] to perform a con-
trolled comparison between a classical SIFT+BoW+SVM
pipeline and a transfer-learned CNN for ten-class object
recognition. Both approaches undergo rigorous hyperpa-

rameter optimisation to ensure fairness. We report quanti-
tative metrics (accuracy, precision, recall, confusion matri-
ces) alongside qualitative insights based on interpretability
visualisations. Finally, we consider our results against the
current state of the art in robotic object classification.

2. METHODOLOGY

2.1. Dataset

For this project, we selected the iCubWorld Transforma-
tions dataset [11, 12] as the sole benchmark for both ap-
proaches. The dataset comprises images captured by the
iCub humanoid robot [12] as it observes a variety of ob-
jects in a laboratory and office environment. The Trans-
formations subset was developed to evaluate object recog-
nition under different organised variations in appearance
within a robotic context. It contains 200 objects across 20
categories, with around ten instances per category [13]. An
example of the intra-class semantic variability of the mug
class is shown in Figure 1.

FIG. 1. Sample images for the different object instances in the
mug category to provide a qualitative understanding of the se-
mantic variability in iCubWorld [11].

Unlike generic vision datasets, iCubWorld is acquired
from the robot’s ‘first-person’ perspective during hu-
man–robot interaction. A human ‘teacher’ presents and
manipulates each object, whilst the robot’s cameras record
sequences of frames. This produces imagery that re-
flects realistic operational conditions, featuring natural
backgrounds, mild motion blur and varying illumination.
The Transformations subset examines recognition perfor-
mance under five specific conditions. The first, 2D Rota-
tion, involves in-plane rotation altering object orientation
within the image plane; the second, 3D Rotation, com-
prises out-of-plane rotations offering different viewpoints
(e.g. front, side, back); the third, Scale, varies the distance




