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Abstract. Human judgments can still be considered the gold standard
in the assessment of image similarity, but they are too expensive and
time-consuming to acquire. Even though most existing computational
models make almost exclusive use of low-level information to evaluate
the similarity between images, human similarity judgements are known
to rely on both high-level semantic and low-level visual image informa-
tion. The current study aims to evaluate the impact of different types of
image features on predicting human similarity judgements. We investi-
gated how low-level (colour differences), mid-level (spatial envelope) and
high-level (distributional semantics) information predict within-category
human judgements of 400 indoor scenes across 4 categories in a Four-
Alternative Forced Choice task in which participants had to select the
most distinctive scene among four scenes presented on the screen. Linear
regression analysis showed that low-level (t = 4.14, p < 0.001), mid-level
(t = 3.22, p< 0.01) and high-level (t = 2.07, p < 0.04) scene information
significantly predicted the probability of a scene to be selected. Addi-
tionally, the SVM model that incorporates low-mid-high level properties
had 56% accuracy in predicting human similarity judgments. Our results
point out: 1) the importance of including mid and high-level image prop-
erties into computational models of similarity to better characterise the
cognitive mechanisms underlying human judgements, and 2) the neces-
sity of further research in understanding how human similarity judge-
ments are done as there is a sizeable variability in our data that it is not
accounted for by the metrics we investigated.
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1 Introduction

Evaluating the similarity of visual information is an important challenge for
computer vision that finds its application in object recognition [1], template
matching [2], generalization of robot’s movement in space [3,4], reverse search
of products or images [5] and many other practical applications.

As image similarity is a difficult computer vision task, humans are still often
required to provide their assessment as they can successfully evaluate image
similarity even in noisy conditions [6]. But relying on humans is expensive and
time-consuming because the number of judgements needed grows quadratically
according to the number of evaluated pair of images. However, even though
the nature of human judgements is subjective, it may still be possible to frame
this problem computationally by considering different types of metrics that could
characterise an image. We could identify three types of features on which human
similarity judgements may be based: low-level visual information (e.g., pixels,
colour), mid-level structural information that is specific to scenes (spatial enve-
lope) and high-level semantic information (e.g., object and scene concepts) [7].

At present, the majority of computational models assessing image similar-
ity rely only on low-level visual image properties (e.g., [1,2]) as it is the easiest
information that could be extracted from an image. Thus, other types of informa-
tion, as those we listed just above, are often not accounted for when calculating
their similarity. Hence, to develop more reliable computational models of image
similarity, it is important to understand the interplay of other types of mid and
high-level information when humans are asked to perform similarity judgements.

Of the existing literature we are aware of, only a few studies are attempting to
model the features that drive similarity judgements in humans. The study by [8]
is one such example, where authors trained Sparse Positive Similarity Embedding
(SPoSE) [9] on more than 1.5 million similarity judgements on images of objects
in an odd-one-out task, where participants needed to exclude the most distinct
image out of three. Their results, which are based on interpreting the SPoSE
dimensions, highlighted that humans rely on both low and high-level features of
images to provide their similarity judgments.

The study by Hebart and colleagues’ [8], which we briefly touched upon, was
done on individual objects and measured their similarities across different seman-
tic categories (e.g., toy vs kettle). Even though it is common to operationalise this
task between categories, it is important to frame it also in the within-category
context [10] and expand it to the larger scope of naturalistic scenes. A within-
category similarity task is, in fact, harder than a between-category and probably
require access and use of a variety of features to be accurately performed. More-
over, by looking at naturalistic scenes instead of individual objects, we can also
evaluate the role that mid-level features, such as their spatial envelope [11], play
in similarity judgements.

In the current study, we precisely aimed to investigate how humans perform
a within-category similarity judgement of naturalistic scenes and evaluated the
importance of their low, mid and high-level features in such a task. Our goal
is to provide a better understanding of the cognitive factors implied in human
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similarity judgments while evaluating the predictivity of different computational
metrics that may be implicated in performing this task.

2 Study of Similarity Judgements

2.1 Image Dataset

We used the ADE20K [12] and SUN [13] databases and selected images following
these criteria:

(1) contained full annotation of object labels, which is necessary to compute
their high-level semantic similarity (see next section for details on this met-
ric).

(2) did not contain animate objects (e.g., people or animals) as it makes them
more distinctive [14].

(3) at least 700 pixels in width or height to ensure a reasonable resolution
quality.

According to these criteria, we kept 4 categories with more than 200 images each:
bathroom, bedroom, kitchen and living room (1,319 images). These images were
further filtered down to 100 images per category for the study to fit within a
reasonable time frame (i.e., under one hour), and selected by excluding the most
dissimilar images based on low, mid, and high-level measures described below.
Thus, the final dataset comprised 400 images in 4 different semantic categories.

2.2 Low, Mid, and High-Level Image Features

As mentioned above, we can identify three possible features on which similarity
of images can be estimated: low (e.g., colour) mid (e.g., spatial envelope) and
high-level (e.g., semantics).

A very simple measure of low-level similarity between images can be obtained
from their colour at the pixel level [15] (Eq. 1). Specifically, images can be rep-
resented as three-dimensional matrices in RGB space and obtain a pairwise
similarity by simply subtracting matrices. Then, the sum of all differences at the
pixel level, raised to the power of two, can be taken as a single pairwise similarity
value (sum of square differences, SSD, or l2-norm) measure.

SSSD =
∑

(I[n,m, k] − J [n,m, k])2 (1)

where I and J indicate the indices of two images being compared, [n,m, k] points
to a pixel position in three dimensional matrix of RBG image and SSSD is the
similarity distance of the image I and J according to the SSD measure.

Mid-level information of an image can be obtained from the spatial distribu-
tion of low-level spectral information in it. We follow the classic study by [11]
and compute the power spectral density of each image divided into 8× 8 regions
in 8 different orientations. Thus, each image is represented as a vector of 512
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values (64 regions × 8 orientations), a spatial envelope, which is also known
to convey coarse information about its semantic category [16]. Then, the simi-
larity between images is computed in pairwise fashion as the sum of the square
difference of the GIST vectors:

SGIST =
∑

(GISTi −GISTj)2 (2)

where GIST is a vector of 512 values of GIST descriptor, i and j are indices of
two images being compared and SGIST is the similarity distance of the image i
and j according to the GIST measure.

Finally, high-level semantic information of a scene can be approached by
considering the objects therein as its conceptual building blocks and their co-
occurrence statistics as the metric. This approach assumes that the more objects
scenes share, the more semantically similar they will be [17] and we utilised the
method conceived by Pennington and colleagues [18] (Global Vectors model,
GloVe) to operationalise this measure. Specifically, the labels of objects in each
image were used to create a co-occurrence matrix of objects across all images
in each of four categories. This matrix was transformed using a weighted least
squares regression into a vector representation of each object (50 dimensions),
and each image was represented as the sum of vectors of objects contained
therein. Then, the pairwise similarity between images was calculated as a reverse
cosine distance of the GloVe vectors:

SGloV e = 1 − cos(GloV ei, GloV ej) (3)

where GloVe is a vector of 50 values of GloVe descriptor, i and j are indices of
two images being compared and SGloV e is the similarity distance of the image i
and j according to the GloVe measure.

These three measures of similarity described above were applied to all images
belonging to a certain semantic category and the value for each image represented
as its distance to all other images in the given category. The three measures were
then normalized using a z-score transformation to make them more directly
comparable.

Additionally, we considered average feature maps from VGG-16 neural net-
work trained on Places365 image set [19] from the first and the last convolutional
layers as the proxy for low- and high-level feature information of the scenes. The
average maps were compared using Kullback-Leibler divergence between activa-
tion maps of the images but as it did not lead to significant results, we would
not report this data here.

2.3 Similarity Task

Forty participants viewed the stream of images presented four at a time, all
from the same semantic category, and asked to click on the one that was, in
their opinion, the most different in the set, so performing a Four-Alternative
Forced Choice task (see Fig. 2 for the examples of design and human judgements
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Fig. 1. Illustration of the similarity measures: SSD, GIST and GloVe.

output). For each trial/image combination we collected 10 subjective similarity
judgements. To test the predictivity of GIST or GloVe in explaining similarity
judgments, the four images in each trial were arranged such that there was one
more distinctive (target) selected on the basis of its maximum distance to the
other three (foils) images according to GIST or GloVe measures of similarity.
This resulted in two different experimental conditions based on either GIST
or GloVe, respectively. Additionally, we ensured that all images were properly
counterbalanced in their possible combinations by creating two further lists from
each condition.

The participants had a time limit of 6 s to provide their judgment, otherwise,
a null response was logged in, and the trial was excluded from the analysis. Out
of 4,000 trials (25 trials per category × 4 categories × 40 participants), we
excluded 14.5% of the trials because of timeout. The Gorilla platform [20] was
used to implement the study and collect the data.

2.4 Analysis

The data of this study were analysed in two ways.
The first analysis used linear-mixed effect modelling (using the R package

lme4 [21]) to investigate how and to what extent the probability of excluding a
target image can be predicted by similarities in their SSD, GIST and GloVe with
the foils. The probability of an image to be excluded was computed by averaging
similarity judgements across all participants for the trial in which such an image
appeared. So, it was defined as the proportion of participants selecting a certain



510 A. Mikhailova et al.

Fig. 2. A. Example of the Four-Alternative Forced Choice task to acquire human sim-
ilarity judgements. B. Illustration of exclusion probability based on human similarity
judgments within a trial.

image among three other images as the most distinctive one at each trial. Thus,
a high exclusion probability indicated that the participant found this image to
be the most distinctive relative to the other images (see Fig. 2). This measure,
the exclusion probability of an image, was used as the dependent variable for
the regression analysis as it reflects the agreement or consistency between the
participants in their similarity judgment.

In the second analysis, we used Support Vector Machine (SVM) classifiers
to examine the predictivity of the similarity metrics in approximating human
judgments (binary classification). For this analysis, exclusion probability was
expressed as a binary variable whereby a 1 indicated the most selected scene in
each trial (i.e., an exclusion probability above 0.25, which is chance level) and
0 otherwise. Four different SVM models were created to predict the exclusion
probability using each metric as an independent predictor (GIST, GloVe or SSD),
and one more SVM was built as an additive (linear) combination of all predictors
(GIST, GloVe and SSD) to explore the joint contribution of low, mid and high
level information.

SVMs were trained and tested with a 70/30% ratio on 10-fold cross-validation
over 100 iterations. We used the ksvm function with default settings from kern-
lab R package [22] to implement the SVM. The predict and confusionMatrix
functions were used to extract the accuracy, f-score, and other measures that
characterised the performance of the SVM models.

We compared the performance of the SVM (all predictors combined: GIST,
GloVe and SSD) against the human data by averaging all SVM predictions
(i.e., 100 iterations * 10 folds) for each image, and so obtain a dependent mea-
sure more directly comparable to the human judgments, and used independent-
sample t-test as well as the Kolmogorov-Smirnov test to assess whether differ-
ences between human judgments and model predictions were significant.
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2.5 Results

To provide a descriptive analysis of the task and measure the consistency in
human judgements, we calculated the percentage of inter-observer agreement.
On a trial-by-trial basis, we calculated the percentage of observers to pick the
most selected image in the trial. We observed a 49% inter-observer agreement,
which is much above change (i.e., 25% in this task) but still shows a certain
degree of variability among them.

When looking at the linear mixed regression analysis, we found that all three
measures GIST, GloVe and SSD had a significant effect on the probability of
exclusion (see Table 1), which indicates that humans rely on all three types of
features to perform similarity judgements.

Table 1. Results of linear regression analysis, where the effect of GIST, SSD and GloVe
on probability of image exclusion in Four-Alternative Forced Choice task is tested.

Predictor Beta coefficient t-value SE p-value

GIST 0.11 4.14 0.01 <0.001∗∗∗

SSD 0.08 3.22 0.01 <0.01∗∗∗

GloVe 0.05 2.07 0.01 <0.04∗

Turning onto the SVM predictions, we note that the model combining all 3
similarity measures predicts human similarity judgements best (i.e., 56%) and
significantly better than models with single predictors (refer to Table 2).

Table 2. Accuracy of SVM models averaged across 10 fold and 100 random initiali-
sation and the t-test comparison of single predictor models relative to the full model
(GIST, GloVe and SSD).

Model Accuracy t-score SE p-value

GIST + GloVe + SSD 55.9%

SSD 54.9% −3.08 0.32 <0.01∗∗

GIST 54.2% −5.15 0.32 <0.001∗∗∗

GloVe 53.9% −6.17 0.32 <0.001∗∗∗

When comparing the performance of SVM and humans, we observe no signif-
icant difference under the t-test (t = 0.64, p = 0.52), which instead is significant
under the Kolmogorov-Smirnov test (D = 0.35, p < 0.001) indicating that the
distributions of exclusion probability according to humans and SVM are signifi-
cantly different even though, they have a similar mean.
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3 Discussion

Current research shows that humans rely on both low- and high-level image infor-
mation to judge their similarities [8], even though most computational models
seem to be largely based only on low-level image properties [10]. Moreover, most
of this research focused on similarity between categories rather than within,
which is a much harder task to solve (e.g., assessing the similarities between dif-
ferent kitchens) [10]. The goal of the present study was precisely to evaluate the
role played by low, mid and high-level image features on driving within-category
human similarity judgements. Our aims were two-fold: expand our understand-
ing of the cognitive processes humans rely on when assessing the similarity of
images and evaluate the computational predictivity of low, mid and high-level
metrics in approximating human performance.

Our data shows that all types of image features (low, mid and high) con-
tribute to explaining how humans perform similarity judgements. These results
corroborate findings by Hebart and colleagues’ [8] but in naturalistic scenes, and
especially in within-category context, which is not typically done in this research
field. To provide a further, mainly qualitative, comparison with this study, we
retrained their SPoSE model on our within-category data and found that the
embedding dimensions obtained from the model do not seem to have a signifi-
cant predictive effect on similarity judgements (t = 1.53, p = 0.13). Such results
tentatively indicate that even the most recent computational models of image
similarity are not well-suited yet to assess more fine-grained within-category
similarities. We acknowledge, however, that our results obtained using SPoSE
might be limited due to the significantly smaller sample size and call for further
research on within-category similarity.

Another theoretical contribution of the current study was to show the impor-
tance of mid-level features in this task (i.e., GIST), which are often neglected
by previous research. This finding confirms the necessity to incorporate other
types of features into computational models of image similarity and so aiming to
better approximate the way humans may be solving this task [6]. When looking
at the best predictivity of human performance using SVM, we found that all
features should be used to achieve the highest performance (i.e., 56%). We note,
however, that such accuracy remains still pretty low and so there may likely be
other factors, and perhaps also more efficient metrics, that should be used to
better model the performance of humans in this task. Crucially, the accuracy of
our SVM models remains the same even when using other measures of low- and
high-level information. In an exploratory analysis not presented at length in the
current study, we also used the average activation map from the first layer of the
VGG-16 neural network [19] as a proxy to low-level features and of the last layer
as a proxy to high-level features. The pairwise similarity between images, in this
case, was computed as Kullback-Leibler divergence between activation maps.
SVM model trained on these features still produces a prediction performance
of 54%. We acknowledge that there are more modern sophisticated deep-neural
network models that could be used to derive metrics of image similarity and
so better understand the nature of human judgement, compared to the rather
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simple metrics this work utilise. This consideration reinforces the call to further
research into other metrics to compute image similarity, and perhaps aspects
in the task, that may better uncover the cognitive underpinnings of humans
similarity judgement. Finally, we also note that the inter-observer agreement is
also relatively low (49%) so indicating quite some disagreement between human
judgements. We believe that precisely understanding root causes of their dis-
agreements would indirectly help us capturing the processes that would make
them agree on their judgements instead.

Finally, we realise that the scope of the current study is restricted to a within-
category similarity scenario and considers only few indoor categories; and agree
that to evaluate a wider spectrum of low-, mid- and high level differences on
similarity judgements outdoor scenes should be considered.

4 Conclusion

First, our results demonstrate the importance of incorporating mid-level spa-
tial and high-level semantic image information along commonly used low-level
visual information when modelling similarity judgements. Secondly, we bring
attention to the investigation of within-category similarity judgements, as it is
an intrinsically harder task for similarity models to solve. Lastly, we point out
that more research is needed to understand all aspects of human similarity judg-
ments as our modelling, which incorporated low-mid-high level information, is
still not sufficient to account for the overall variability observed across human
judgements.
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