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Figure 8. Bit-rate per cell for Huffman and Gagie histograms us-
ing different schemes. We can obtain 2-4× compression compared
to the Tree Coding representation. Note the ranges of n in which
Tree Fixed Length and Tree Entropy Coding can be used.

the performance of SIFT using VQ-5 with 53 bits, while the
VQ-7 configuration at 108 bits outperforms SIFT.

Additionally, we note that compression with Huffman
tree coding affects the performance of the descriptor less
than compression with Gagie trees. This results from the
smaller bound on KL divergence that arises from compress-
ing distributions with Huffman trees. Importantly, we ob-
serve that the performance of the descriptor compressed
with Huffman Tree compression is close to the performance
of the uncompressed descriptor.

Finally, for a fair comparison of Huffman and Gagie Tree
compression schemes at the same bit rate, we consider the
Equal Error Rate (EER) point on the different ROC curves
for each scheme. The EER point is defined as the point on
the ROC curve where the miss rate (1− correct match rate)
and the incorrect match rate are equal. As shown in Fig-
ure 10, the Huffman compression scheme provides a lower
EER for a given bit-rate than Gagie compression.

4. Descriptor Matching
For reducing both speed and memory consumption, we

would like to operate on descriptors in their compressed
representation. We refer to this as compressed domain
matching. Doing so means that the descriptor need not be
decompressed during comparisons. Additionally, compu-
tational complexity is reduced by eliminating compression
and decompression from distance computations. In this
Section, we show how to do 10× faster nearest neighbor
search with CHoG features in their compressed representa-
tion.

4.1. Compressed Domain Matching

As shown in Section 3.2, we can represent the index
of Huffman and Gagie trees with fixed length codes when
n is sufficiently small. To allow for compressed domain
matching we pre-compute and store the distances between
the different compressed distributions. This allows us to
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Figure 9. ROC curves for compressing distributions with Gagie
and Huffman compression schemes with GLOH-9 and KL diver-
gence. In (a) and (b) we can match the performance of SIFT with
99 and 53 bits for Gagie and Huffman compression schemes, re-
spectively.

efficiently compute distances between descriptors by using
tree indices as look-ups into a distance table. Since the dis-
tance computation only involves performing table look-ups,
more effective histogram comparison measures like KL di-
vergence and EMD can be used with no additional computa-
tional complexity. Figure 11 illustrates compressed domain
matching for the VQ-5 bin configuration.

4.2. Accelerated Search Strategies

There are many important uses of feature descriptors that
require nearest-neighbor searches. Some examples include
vocabulary trees [22] and nearest neighbor matching of fea-
tures [23]. One of the most commonly used data structures
is an approximate kd-tree (ANN) [24]. However, since we
wish to use arbitrary metrics as well as compressed domain
matching, kd-trees cannot be used with CHoG descriptors.
To enable O(logn) search, we use distance metrics such as
EMD or L2-norm, along with a metric ball tree. The tree
exploits the Triangle Inequality while forming a binary tree
using only distances between descriptors. Metric-trees can
easily be extended for approximate searches with a (1 + ε)
guarantee in the same way as [24].

Table 1 shows the timing results for nearest-neighbor
querying with both SIFT and CHoG. For the experiment,
103 features descriptors were queried into a database of 106

descriptors. The descriptors for both SIFT and CHoG were
computed from the same set of patches. For CHoG, we
use a 45-dimensional descriptor resulting from GLOH-9,
VQ-5 and Huffman Tree compression. Exact nearest neigh-
bor searching is ∼10× faster for CHoG than SIFT. Further-
more, CHoG is 2× faster than SIFT with ANN (ε = 1),
which incurs an error rate of 0.30%. The speed-up comes
from lower dimensionality, and the use of look-up tables
for fast distance computation. Additionally, for matching
against a small number of feature descriptors (∼1000), op-
timized brute-force search is fast, and the KL divergence
can be used for better ROC performance.



0 50 100 150 200 250
5

10

15

20

25

Rate (bits)

E
q
u
a
l 
E

rr
o
r 

R
a
te

 (
%

)

 

 

Huffman

Gagie

Figure 10. Comparing Huffman and Gagie coding schemes. The
Huffman scheme provides a lower EER for a given bit-rate than
the Gagie scheme.

5. Comparisons

We now demonstrate that CHoG outperforms several
other recent compression schemes. To make a fair com-
parison, we compare the Equal Error Rate (EER) for var-
ious schemes at the same bit rate. Figure 12 compares
CHoG with Huffman or Gagie compression against the
other schemes. Each scheme is briefly described in the fol-
lowing Sections.

5.1. Patch Compression

One simple approach to reduce bit rate is to use image
compression techniques to compress canonical patches ex-
tracted from interest points. SIFT descriptors can then be
extracted from these compressed patches. We compress
32×32 pixel patches with JPEG [25], and then compute
a 128-dimensional 1024-bit SIFT descriptor on the recon-
structed patch. As seen in Figure 12, JPEG requires 295
bits to compete with the performance of CHoG-Huffman at
53 bits.

5.2. Random Projections

Chuohao et al. [14] propose the use of quantized random
projections to build binary hashes from SIFT descriptors.
Hamming distance between hashes is used as the distance
measure. The Random Projection scheme requires more
than 500 bits to compete with the performance of CHoG-
Huffman at 53 bits. A practical disadvantage of random
hashing is that the computational complexity increases with
the number of hash bits.

Time (sec) Error (%)
CHoG Metric Tree 27.96 0.00

SIFT kd-tree Exact NN 371.80 0.00
SIFT kd-tree Approx NN 47.01 0.30

Table 1. Nearest-neighbor run-times on a 2 GHz Intel Xeon pro-
cessor compared for SIFT and CHoG with L2-norm. There are 103

queries into a database of size 106.

Figure 11. Block diagram of compressed domain matching. The
gradient histogram is first quantized, and then tree coded. The tree
indices are used to look-up the distance in a precomputed table.

5.3. Boosting Similarity Sensitive Coding

Shakhnarovich [15] uses a machine learning algo-
rithm called Boosting Similarity Sensitive Coding (Boost
SSC) [26] to train binary codes that reflect patch similarity.
The Boosting SSC algorithm learns an embedding of the
original Euclidean space into a binary space such that the
hamming distance is correlated with Euclidean distance.

We trained Boosting SSC with 10000 matching SIFT de-
scriptor pairs and 40000 non-matching pairs. Figure 12
shows that Boosting SSC outperforms random projections
at low bit rates. However, at higher bit rates, the perfor-
mance of the scheme degrades due to over-training. Addi-
tionally, Boosting SSC requires an expensive training step,
while CHoG does not.

5.4. Transform Coding

Transform coding of SURF and SIFT descriptors was
proposed by Chandrasekhar et al. [13]. The compression
pipeline first applies a Karhunen-Lòeve Transform (KLT)
transform to decorrelate the different dimensions of the fea-
ture descriptor. This is followed equal step size quanti-
zation of each dimension. The quantized features are en-
tropy coded with an arithmetic coder. SIFT-Transform cod-
ing requires 270 bits to match the performance of CHoG-
Huffman at 53 bits. SURF-Transform coding requires 133
bits to match the performance of 53-bit CHoG-Huffman.

5.5. Tree Structured Vector Quantization

Nistér and Stewénius [22] proposed the idea of using hi-
erarchical k-means to quantize SIFT descriptors, leading to
a Tree Structured Vector Quantizer (TSVQ). Here, we quan-
tize SIFT descriptors with a 106 node TSVQ with a branch
factor of 10 and depth of 6, requiring 20 bits per descrip-
tor. A significantly larger TSVQ is not practical due to the
size of the code book. As seen in Figure 12, TSVQ com-
pression performs poorly and does not come close to the
performance of CHoG.
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Figure 12. Comparison of EER versus bit-rate for all compression
schemes. Better performance is indicated by a lower EER. CHoG-
Huffman at 53 bits outperforms all the other schemes.

6. Conclusion

We have proposed a novel framework for computing low
bit-rate feature descriptors with 20× reduction in bit rate,
low complexity and significant speed-up in the matching
stage. By quantizing and encoding gradient histograms with
Huffman and Gagie trees we can create very low bit-rate
descriptors. We efficently compute distances between de-
scriptors in their compressed representation eliminating the
need for decoding. We perform a comprehensive perfor-
mance comparison with SIFT, SURF, and other low bit-
rate descriptors and show that CHoG outperforms existing
schemes at lower or equivalent bit rates. The CHoG descrip-
tor enables many applications that are limited by bandwidth,
storage, or latency. Such applications include mobile aug-
mented reality, large-scale image retrieval, and visual sen-
sor networks.
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